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ABSTRACT 
 
 
Microbes express complex phenotypes and coordinate activities to build microbial 
communities. Recent work has focused on understanding the ability of microbial systems to 
efficiently utilize cellulosic biomass to produce bioenergy-related products. In order to maximize 
the yield of these bioenergy-related products from a microbial system, it is necessary to understand 
the molecular mechanisms. 
The ability of mass spectrometry to precisely identify thousands of proteins from a bacterial 
source has established mass spectrometry-based proteomics as an indispensable tool for various 
biological disciplines. This dissertation developed and optimized various proteomics experimental 
and informatic protocols, and integrated the resulting data with metabolomics, transcriptomics, 
and genomics in order to understand the systems biology of bio-energy relevant organisms. 
Integration of these various omics technologies led to an improved understanding of microbial 
cell-to-cell communication in response to external stimuli, microbial adaptation during 
deconstruction of lignocellulosic biomass and proteome diversity when an organism is subjected 
to different growth conditions. 
  Integrated omics revealed Clostridium thermocellum's accumulate long-chain, branched 
fatty acids over time in response to cytotoxic inhibitors released during the deconstruction and 
utilization of switchgrass. A striking feature implies a restructuring of C. thermocellum's cellular 
membrane as the culture progresses. The membrane remodulation was further examined in a study 
involving the swarming and swimming phenotypes of Paenibacillus polymyxa. The possible roles 
of phospholipids, hydrolytic enzymes, surfactin, flagellar assembly, chemotaxis and glycerol 
metabolism in swarming motility were investigated by integrating lipidomics with proteomics.  
 v 
Extracellular proteome analysis of Caldicellulosiruptor bescii revealed secretome 
plasticity based on the complexity (mono-/disaccharides vs. polysaccharides) and type of carbon 
(C5 vs. C6) available to the microorganism. This study further opened the avenue for research to 
characterize proteins of unknown function (PUFs) specific to growth conditions. 
To gain a better understanding of the possible functions of PUFs in C. thermocellum, a 
time course analysis of C. thermocellum was conducted. Based on the concept of “guilt-by-
association,” protein intensities and their co-expressions were used to tease out the functional 
aspect of PUFs. Clustering trends and network analysis were used to infer potential functions of 
PUFs. Selected PUFs were further interrogated by the use of phylogeny and structural modeling.  
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CHAPTER 1 
Introduction to mass spectrometry-based proteomics 
characterization of hemi/cellulose degrading microbes 
 
1.1 Use of cellulolytic bacteria in biofuels research and the role of multi-omics 
technologies  
1.1.1  Systems Biology 
Cells are the basic building blocks of life, as they are the structural and functional unit of 
all living organisms. Understanding the molecular basis of how cell functions is the essence of 
fundamental cell biology. Cells are able to reproduce with very high accuracy. Deoxyribonucleic 
acid (DNA) contains the genetic blueprint for reproduction. DNA replication happens during cell 
reproduction. In general, the genetic information carried by DNA is transferred via messenger 
RNA, which in turn gets translated into proteins (a polymer made of 20 natural amino acids). This 
process is known as the central dogma of biology. Once a protein forms, it folds into a signature 
three-dimensional structure that can perform a specific biological function. This structure is mostly 
determined by amino acids sequences among other factors. Each amino acid has a distinct side 
chain with a unique chemical property. The different combinations and sequences of these 
different chemical properties allow the protein to fold into a tertiary structure. DNA can be viewed 
as a static representation of the total functional potential of a cell under all conditions, while protein 
information can provide a more detailed overview of the functional potential of a cell given a 
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specific condition.  Most of the fundamental understandings of how cell works are based on studies 
conducted on microorganisms.   
Any organism that is visible underneath a microscope can be called a “microbe”. Microbes 
include both eukaryotic and prokaryotic organisms. Despite key biological differences 
distinguishing eukaryotes from prokaryotes, metabolic pathways are often consistent across taxa. 
For several decades bacteria have been used as a powerful model system to study basic 
microbiology. It is important to understand the fundamental molecular mechanisms and biological 
processes that govern microbial life. In order to understand these fundamental mechanisms, it is 
important to identify and characterize the associated biomolecules. Systems biology has emerged 
as a discipline to understand the associations of different entities within the system in response to 
genetic and environmental perturbations [1, 2]. Idekar et al have defined  systems biology as the 
integration of different omics data to build, test and refine a model that can predict a biological 
pathway [2].  The goal of the systems biology is to understand the system itself or the properties 
within the system. A system can vary in complexity, from a few proteins involved in a specific 
pathway to multi-pathway systems defining a phenotype [1]. With the advent of technologies, 
“omics” offer a holistic understanding of the biomolecules in an organism. To characterize a 
microbial system, four major omics technologies can be employed: genomics (DNA), 
transcriptomics (mRNA), proteomics (protein) and metabolomics (metabolites) as shown in Figure 
1.1. Detecting and quantifying total protein abundance is typically conducted via mass 
spectrometry. The list of quantified proteins under a specific condition is often called a proteome. 
The proteome of an organism is rather dynamic and can differ based on the growth conditions and 
treatments. A detected protein is not necessarily active; therefore, additional information is needed 
to determine the activity of a protein. For enzymes, metabolomics can be used needed to confirm  
 3 
 
 
Figure 1.1. Schematic diagram of various ‘omics’ technologies targeting different layers of cellular 
information. 
 
 
 
 
 
 
 
 
 
 
 
 
  
Genomics   (DNA)
Transcriptomics (RNA)
Proteomics (Protein)
Metabolomics (Biochemicals /Metabolites)
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the presence of small molecules, (substrates, enzyme products, bi-products or inhibitors that 
determine the flux and their roles in the metabolic networks).   
Understanding the complexity of biological systems and their relationship with the 
environment requires genomics, transcriptomics, proteomics, metabolomics and computational 
biology along with informatics architectures for deeper and more comprehensive integrated omics 
research. The United States (U.S.) Department of Energy’s (DOE) interdisciplinary research aims 
to exploit a systems-level understanding of plants, microbes, and microbial communities to 
advance bioenergy research. The program integrates large-scale systems biology (transcriptomics, 
proteomics, metabolomics, and other “-omics” approaches) using computational tools to 
comprehensively understand the fundamentals of systems biology. This dissertation mostly 
encompasses the characterization of cellulolytic microbial systems using Mass Spectrometry (MS) 
based experimental and informatics approaches. 
1.1.2 Utilization of bioenergy-relevant microbial system to produce biofuels  
Recently, there have been increasing economic and environmental concerns regarding the 
dependency on fossil fuels, a non-renewable source of energy [3, 4]. Research involving bioenergy 
aims to explore the enormous lignocellulosic biomass to extract sustainable and renewable energy, 
such as biofuels, hydrogen or electricity.  Compared to first-generation biofuels, where added 
enzymes are used to deconstruct corn starch to dextrose for fermentation to ethanol by yeast, 
second-generation biofuels target the vast energy reserves stored in plant cell walls. The diversity 
of enzymes that have evolved to transform lignocellulose from wood, herbaceous plants and 
grasses has been revealed by genome and metagenome sequencing efforts [5]. The conversion of 
plant biomass to fuels has been possible for more than two decades, yet optimal conversion of 
these plant biomass to energy for commercial consumption has not been achieved. The resistance 
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of plants to release their sugars for fermentation, termed as biomass recalcitrance, is a primary 
barrier to efficiently produce biofuels [6, 7]. The U.S. DOE BioEnergy Science Center (BESC) 
was established to understand the recalcitrance with a mission “to enable the emergence of a 
sustainable cellulosic biofuels industry by leading advances in science and science-based 
innovation resulting in removal of recalcitrance as an economic barrier to cost-effective production 
of biofuels” [8]. Unlike starch, plant cell walls are generally difficult to deconstruct, since they 
consist of large, intertwined, recalcitrant biopolymers of C5 sugars (hemicellulose), C6 sugars 
(cellulose), and lignin [7, 9]. Today, crop residues, perennial grasses (for example switchgrass), 
and other forms of plant biomass collectively termed as “lignocellulosics” are used as alternative 
feedstocks for the production of bioethanol [10]. Accessing this reservoir of chemical energy 
requires the concerted action of multiple enzymes with diverse catalytic activities [11] – a 
bioengineering feat inherent to various cellulolytic microorganisms capable of solubilizing and 
ultimately consuming naturally abundant cell wall polysaccharides [12]. Organisms able to 
utilize/deconstruct the plant cell wall harness the consortia of extracellular enzymes that 
deconstruct the recalcitrant substrates. The catalytic cellulases, hemicellulases, along with non-
catalytic carbohydrate binding modules (CBMs) and/or protein:protein (dockerins) interactions are 
the general molecular architecture in plant deconstructing organisms [13]. Microbial cellulose 
solubilization by cellulases and cellulosomes represents the major carbon flow of fixed carbon 
sink into the atmosphere [5]. There has been a significant increase in the knowledge of cellulose 
hydrolyzing enzyme systems over the past two decades. The ultimate aim is to develop second 
generation biofuels in an industrial scale.  
The choice of organism is critical for the purpose of scaling up to the industrial level. 
Thermophilic microorganisms are of increasing interest for many industries because of their 
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capability to catalyze reactions at elevated temperatures [14]. BESC was primarily focused on 
improving product formation using thermophilic bacteria (primarily Clostridium thermocellum 
and Caldicellulosiruptor bescii). Several novel engineering strategies were employed to 
manipulate the organism to utilize new ranges of substrates. Bringing together these volumes of 
information of the cellulose system is not enough because the substrate properties play a major 
role in the deconstruction activities of these enzymes [15]. Engineered C. thermocellum has 
achieved higher carbohydrate solubilization yields when compared to industry standard fungal 
cellulases [16, 17]. With most of the experiments conducted with model substrates, more studies 
in real-world substrate biomass such as switchgrass and Populus are needed to fully understand 
the deconstruction mechanism. To better understand the mechanism and characterize biomolecules 
behind the solubilization of these substrates, cutting edge analytical techniques including different 
omics technologies are required.  Mass spectrometry is a widely used analytical tools in biological 
research to decipher cellular processes and associated proteins within in the biological system. The 
feasibility to comprehend metabolic pathways and regulatory networks is within the scope of MS-
based proteomics, a key component of systems biology. Use of mass spectrometry in 
understanding the proteome of the microbial system has been able to provide in depth 
understanding of enzymatic deconstruction of substrates. 
1.2 Mass spectrometry (MS) based microbial proteomics and challenges with 
data analysis 
Proteomics is defined as the comprehensive study of proteomes which is a set of proteins 
produced as part of biological context (entire species, organ, tissues or cell types). It explores the 
functionality of gene and cell directly at the protein level [18]. The 2D separation of proteins was 
first achieved in 1970s based on isoelectric point and molecular weight using sodium dodecyl 
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sulfate (SDS) electrophoresis [19]. Even though, two-dimensional polyacrylamide gel 
electrophoresis (2D-PAGE) suffered from limitations such as reproducibility and sample 
complexities, it was an amazing leap forward in the field of proteomics. It ultimately led to new 
technologies to separate and measure the proteins of complex samples, often referred to as high-
throughput proteomics. For example, the dataset generated from MS-based proteomics are 
reproducible and can be acquired at high-throughput which has led to the possibility that several 
measurements on the perturbed system can be systematically and consistently made, a key 
requirement for systems biology. 
Two fundamental strategies are experimentally implemented in MS-based proteomics, top-
down proteomics, and bottom-up proteomics as shown in Figure 1.2. Briefly, in top-down 
proteomics, intact protein ions generated by electrospray mass spectrometry (ESI) or matrix-
assisted laser desorption ionization (MALDI) are analyzed using mass analyzer and subjected to 
gas-phase fragmentation. Top-down proteomics is not only a tool to characterize and quantify 
intact peptides and proteins but also to investigate the protein structure in a greater extent including 
the post-translational modification. Both approaches are associated with various advantages and 
limitations. The major bottleneck for top-down proteomics is that sensitivity and throughput are 
compromised [20]. 
Bottom-up proteomics, also referred as “shotgun” proteomics, is more favorable for large 
scale proteomic investigations where peptides are generated using proteases such as trypsin, 
chymotrypsin, and pepsin. These peptides are separated by using liquid chromatography coupled 
with tandem mass spectrometry (MS/MS) [21]. These fragments are assigned to their 
peptides/proteins by using bioinformatics tools [22, 23] as depicted in Figure 1.3. Bottom-up 
proteomics has been the focal method for comprehensively characterizing proteins from different  
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Figure 1.2. Bottom-up and top-down proteomics. The bottom-up mass spectrometry measures 
peptides digested from proteins and are mapped back to the protein for identification.  The top-
down mass spectrometry measures intact proteins that are separated/fractionated prior to MS 
analysis.  
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Figure 1.3. Typical bottom-up mass spectrometry. The different stages involved in bottom-up 
proteomics. The extracted proteins are digested. The separation of peptide is done by HPLC and 
eluted into a source where highly charged droplets are formed and resulting ions are measured. 
The bottom-up approach measures peptides and identify proteins based on the peptide sequence 
obtained from MS/MS fragmentation  
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biological systems. A deep proteomic coverage (50-60 %) can be obtained using bottom-up 
proteomics in a single microbial isolate [24]. It has been almost 2 decades since the first microbial 
genome sequence was published. Now, hundreds of microbial genomes have been sequenced. 
Several microbial systems have been studied and whole microbial proteomes have been quantified 
using LC-MS/MS [25-28]. With the increase in microbial sequences and the information linked 
with the genes, in addition to protein cataloging, proteomics has been used to evaluate 
differentially, taking growth states as the function (i.e. temporal or perturbed environment) [24, 
29-32]. This could be achieved by the use of proper tools available in the proteomics community. 
Several tools are available that could be useful for proper analysis of data. Analysis of data 
starts from having a well-curated protein database. Challenges in data analysis naturally increase 
with the complexity of the sample. Proteomic data analysis is a complex and multistep process. 
In-silico fragmentation patterns of the peptides with predicted intact masses and fragmentation 
patterns obtained from genomic sequence data are compared with experimentally measured intact 
masses and fragmentation patterns of the peptides. Several database search algorithms such as 
SEQUEST [22], MASCOT [33], X-tandem [34], Tide [23], and Comet [35] are available. Since 
the entire identification and quantification is linked with the use of algorithms and computational 
predictions, bioinformatics has emerged as the key component downstream of proteomics. Aside 
from these searching strategies, the methods to exploit intrinsic MS measurement metrics from 
samples such as peak intensities or areas under peptides [36], and spectral counts [37, 38] to 
quantify peptides and proteins have also enhanced the complexity of data analysis.  
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1.3 Use of multi omics to understand community organization of cellulolytic or 
bioenergy relevant microbial system 
A key feature of systems biology is to produce genome-scale or omics data sets using 
various technologies within any cellular component in a model organism. Currently, many omics 
datasets are available for most of the model organisms that describes the cellular system at a given 
condition or time. Even though these data sets are powerful on their own, in order to obtain 
comprehensive insights into the cellular metabolism and pathways, it is critical to consider multi 
omics study or integrate the omics datasets.  
Advancements in sequencing technologies, data analysis, and comparative techniques 
allow researchers to obtain valuable biological information, including gene function and metabolic 
networks [39]. RNA sequencing is currently considered the best transcriptome profiling techniques 
that is able to characterize even complex eukaryotic transcriptomes [40]. Even though a deeper 
differential expression of mRNA can be quantified using transcriptomics techniques, phenotypic 
or functional changes may not always be explained using transcriptomics. The production and 
maintenance of cellular protein is more complex than the synthesis of mRNA. Other factors such 
as the post-transcriptional regulation of mRNA, protein synthesis (translation), localization of 
protein, post-translational modification (PTMs), and protein degradation can have a significant 
impact on protein abundance [41]. mRNA expression is only be an approximation of these 
processes and thus actual quantification of protein abundance would better reflect these dynamics 
[41]. MS-based proteomics is currently the best way to measure abundances of various proteins. 
Besides, genes and proteins, enzymatic reactions are mostly controlled by the concentration of 
substrates, intermediates and products. Metabolomics is a crucial method to measure the 
concentration of small molecules and their diversity within the cell. Metabolites serve as the 
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functional entities within the cells and any environmental or genetic perturbations varies their 
concentration levels [42]. Mass spectrometry can be employed to measure metabolites [39].  
Collecting these omics datasets is not enough. A careful integration strategy should be 
implemented which starts with the experimental design [43]. When an investigator needs to make 
a choice of which techniques to integrate, a careful assessment of the research question under 
investigation should be made. A simplified component of integrated omics is depicted in Figure 
1.4. Several works have been carried out at different omics level to get deeper functional insights 
on cellulolytic bacteria. Recent efforts to maximize ethanol and/or endproducts yield in C. 
thermocellum [44-46], and in C. bescii [17, 47, 48] by knocking out competing pathways has 
substantially increased the titer of ethanol produced. However, much of the work-to-date focused 
on optimizing cellulose/hemicellulose conversion to ethanol with model substrates, such as 
cellobiose, filter paper, and/or Avicel [49-54], and not with real-world substrate biomass. Thus, 
studies examining bacterial growth on more complex, recalcitrant, lignocellulosic material are 
essential, especially as the deconstruction of natural biomass is known to generate numerous 
antimicrobial and/or phenolic inhibitors that could ultimately impede the industrial process [55, 
56].  
Some comprehensive works have been performed in cellulosomal complex of C. 
thermocellum using mass spectrometry. Gold and Martin used metabolic isotope labeling strategy 
together with LC-MS/MS to perform a comprehensive proteomics study of C. thermocellum 
ATCC 27405 during growth on cellulose and cellobiose to understand cellulosomes. They detected 
41 cellulosomal proteins, including 36 type I dockerin-containing proteins [57]. There has been a 
follow up study to characterize cellulosomal dynamic behavior based on growth condition. This 
study looked at the biomass deconstruction of carbon sources by C. thermocellum ATCC 27405  
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Figure 1.4. Integration of different omics. New insights raise biological questions, and new 
experiments can be done using the new technologies. This leads to the generation of new data, 
analyzed by computation technologies. Thus, analyzed data will generate the new hypothesis that 
again gives new insights and the cycle continues. 
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and characterized the substrate specific cellulosomes. It revealed cellulosomal composition 
changes with respect to substrates and its possible role in engineering of this strain [24]. Another 
study has used proteomics analysis on C. thermocellum to explore the core metabolism and how 
protein expression varies with growth phase [58]. Besides whole cell proteomics, label-free 
proteomics approach has been used to compare and contrast between secreted proteins of C. bescii 
and C. obsidiansis [59]. Complex cellulase and hemicellulose mixtures deconstruction have been 
analyzed using the secretomes of commercial glycosyl hydrolase-producing microbes [60].  
Currently, several researchers are integrating a few of these omics technologies, but it is 
still hard to integrate all omics technologies. A study with butanol tolerance [61], and a study of 
microbial community response to a pH perturbation of a cellulose degrading bioreactor culture 
[62] are examples of integrated omics in the field of bioenergy. Key challenges still persist with 
the integration of these diverse data when it comes to bioinformatics, including high data 
dimensionality and the need for processing, reduction and normalization of data. This dissertation 
encompasses some of these challenges and integration of omics data in the field of transcriptomics, 
proteomics, genomics, and metabolomics including lipidomics, with a strong focus on proteomics.  
1.4 Proteomics Data Analysis and Interpretation – A major challenge of 
proteomics 
1.4.1 Proteomics Data Analysis 
The interpretation of data in MS-based proteomics has always been challenging. MS 
techniques have become increasingly high-throughput. The design, availability, and 
implementation of the software or statistical algorithms are critical for MS data analysis and 
interpretation. However, before the data can be analyzed, there are several upstream challenges 
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that must be resolved before generating the MS data. For example, sample preparation, instruments 
chosen for data acquisition, and peak picking can have a significant impact on the proteins detected 
and quantified. These preliminary proteomics steps are crucial and will anchor the entire protein 
identification process. A huge portion of tandem mass spectra goes unidentified when database 
search algorithms are used. This could be the result of poor quality spectra, generated due to 
contamination, low abundant proteins and improper digestion or fragmentation [63]. The vast 
number of software tools available for analysis of labeled and label-free proteomics has proven to 
be a challenge. Time must be spent deciding which tools are most appropriate given the question 
and data.  
Computational programs are required in every step of proteomics data analysis. Informatics 
and use of tools for data analysis have always been challenging in proteomics. The first thing that 
creates this diversity starts with instrument vendors (for example ‘.raw’ for Thermo Scientific; 
‘.RAW’ for Waters Corporation; .wiff for Applied Biosystems and so on). These raw files are 
processed by different software packages to identify peptides with its associated annotations. Most 
of the tools that are required for database searching and protein inference are Windows operating 
system-specific. This brings difficulty in integrating these programs in an operating system and 
the existing pipelines.  
The biggest bottleneck in computational proteomics is the scoring system. MS data are 
compared with theoretical data obtained from known proteins, and comparison score is considered 
as the key to a correct or incorrect hit. A threshold score is set which defines a correct versus 
incorrect hit. This scoring system are based on common statistical methods such as cross-
correlation [22], Bayesian probability [64, 65], expectation maximization [66] and machine 
learning [67, 68]. There has been development in scoring systems integrating more novel statistical 
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approaches along with the existing search methods [23, 35, 69]. The major drawbacks with these 
tools is the ability to separate false positives and false negatives. Including ambiguous IDs can 
lead to misleading conclusions while excluding correct ids might lead to incomplete results. 
Researchers want to identify as many proteins as possible to get the maximum knowledge out of 
the dataset. The sensitivity of the tool to identifying correct proteins and specificity of the tool to 
distinguish false positives from true positives are critical figures of merit associated with these 
tools. A researcher should carefully consider balancing the sensitivity and specificity associated 
with the dataset.  
 A current problem associated with MS-based proteomics is the volume of data. With the 
current capabilities of instruments, a 24-hour running LC-MS/MS can produce as much as 30-40 
GB of data every day. The tools that are known to the proteomics community are mostly operated 
as desktop graphics user interface (GUI); however, this setup is inappropriate for large scale 
proteomics involving millions of spectra. At this scale, one must also consider memory usage and 
time associated with a particular workflow. Several proteomics groups have now started to work 
in high-performance computing (HPC) infrastructures. Such facilities provide an opportunity to 
use shared computing resources where users may request computational resources depending on 
the needs of their data analysis pipeline. Working in HPC environments is not trivial as the user is 
expected to have minimal coding ability to submit a job in the server.  Under these conditions, it 
is often necessary to have flexible and robust data analysis pipeline that can function in an 
operating system-independent way. Some of these limitations are further discussed in Chapter 3.  
1.4.2 Interpretation of Data 
One of the major goals of systems biology is to decipher complex and interdependent 
biochemical processes that operates the system. After proteomics dataset is available, very 
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common approaches are to preprocess the data using normalization methods, transformation, and 
addressing the missing values. This helps to remove any technical variations introduced during 
sample preparation and to adjust the variations related to systematic biases which are non-
biological.  
Since missing data arise in most of the datasets, it is very important to handle these 
correctly. These data could either be removed or replaced/imputed with some values. To further 
increase the validity of protein identifications, the dataset is filtered based on minimum occurrence 
of the protein among the replicate. For example, if a protein exists in 2 of 3 replicates, it is 
considered valid. This entirely depends on researcher and the experimental design. As single 
isolates were studied in this dissertation, filtering based on proteins measured in 2 of 3 replicates 
was performed. This procedure gets rid of many singletons and randomly missing data. To handle 
missing values following filtering of the protein identifications, imputation of the data is done. 
Next, statistics is applied based on the experimental design. For example, to explore differential 
abundances across treatment versus control, a Student’s t-test is used. The obtained matrix can be 
used to extract the list of significantly changing proteins (in terms of fold change and p-value 
threshold), the comprehensive view of the biological roles of the proteins that might play key role 
in pathways and cellular processes.  
The protein descriptions provided in the FASTA files are often not very reliable. 
Annotation tools such as eggNOG mapper[70], BlastKOALA [71] and Prokka [72] can be used to 
obtain more reliable functional annotations. Information such as the Gene Ontology [73] and 
KEGG map [74] obtained from eggNOG mapper can be used for functional enrichments the 
significant list of proteins. The KEGG Orthology and Enzyme Commission (EC) numbers 
obtained from BlastKOALA and Prokka served as the basis for investigating different metabolic 
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pathways. Biological pathways represent coordination and interactions of molecules in a cell 
which is interconnected in series of pathways often referred to as a biological network, a holistic 
view of cellular reactions. Biological pathways and networks are currently the leading methods in 
omics data analysis and visualization [75]. Biological pathways can be created using pathway 
resources such as KEGG [74], WikiPathways [76], and Reactome [77]. Out of several visualization 
tools that exist, KEGG Mapper [78] and KEGGViewer [79] are web-based visualization tools for 
KEGG pathways. Aside from pathways, interaction networks are collection of nodes (could be 
proteins) connected to each other by edges have been proved to be useful for visualizing omics 
data. The most popular tools for network analysis is Cytoscape, an open source and aid for network 
exploration, manipulation, filtering, layout and clustering [80]. Most of these mentioned tools have 
been used in this dissertation for the purpose of data mining and interpretation of biology. 
1.5 Scope of dissertation 
In order to better understand the complex biological systems underlying the bacterial 
deconstruction of lignocellulosic biomass there is a need to integrate different omics level together. 
The research presented in this dissertation unravels the specific challenges during the microbial 
utilization of substrates, microbial adaptation and community organization driven by growth 
conditions. Briefly, this dissertation research focuses on understanding, developing, and 
employing high performance LC-MS/MS based-approaches combined with customized 
bioinfomatics approaches to engage a systems biology approach to: 1) use integrated omics 
(primarily proteomics) to fully understand microbial cellulolytic deconstruction of complex 
biomass by bioenergy relevant organisms (such as Clostridium thermocellum and 
Caldicellulosiruptor bescii), 2) to study the fundamental links between structure at the nano-scale, 
and how this affects community organization of a complex biological system by studying 
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differential abundance in proteome of swarming and swimming Paenibacillus polymyxa, 3) to 
explore PUFs from Clostridium thermocellum using bioinformatics and mass spectrometry and 4) 
develop and utilize advanced bioinformatics tools to create a flexible proteomics pipeline using 
Python and shell scripts for protein identification and MS1 feature-based quantification. 
Chapter 2 will provide the details involved in sample preparation methods, experimental 
procedures, and use of informatics tools for protein identification. The limitation of the current 
proteome data analyzing tools will be discussed and the need for a robust, flexible and OS (Mac, 
Linux or Windows) independent pipeline for proteome data analysis is mentioned. After the 
detailed description of materials and methods for performing shotgun proteomics, rest of the 
chapters will explain the application of MS-based research in the bioenergy field to understand 
microbial deconstruction of substrates, microbial motility and microbial community organization. 
Chapter 3 will explain the development of bioinformatics pipeline in proteomics data analysis. It 
discusses the advantages of this pipeline over other tools and pipelines that currently exists. Also, 
the capability of this tool to go beyond the local OS platform to cluster-based proteomics data 
analysis. Chapter 4 will address the time course progression of C. thermocellum grown on 
switchgrass to assess metabolic and protein changes that occur during the conversion of plant 
biomass to ethanol. Along with the metabolomics data, a time-dependent increase in enzymes 
involved in the interconversion of branched amino acids valine, leucine and isoleucine to iso- and 
anteiso-fatty acid precursors will be discussed. In a complementary fashion, Chapter 5 will address 
the deconstruction of six substrates ranging from simple (glucose, cellobiose and xylose) to 
complex (Avicel, xylan and switchgrass) by C. bescii. Xylan and xylose consist of C5 and glucose, 
Avicel and cellobiose consist of C6, and switchgrass consists of C5 and C6 substrates. The protein 
membership of the C. bescii secretome ranges of extracellular proteins based on the complexity 
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(mono-/disaccharides vs. polysaccharides) and type of carbon (C5 vs. C6) available to the 
microorganism. Another microbial system capable of demonstrating different community 
organization depending on growth condition will be explained in Chapter 6. This chapter will 
address integrated proteomics/lipidomics measurement on the swarming and swimming P. 
polymyxa. The chapter will provide a discussion on key swarming activities such as flagellation 
and surfactants release that enhances the swarming activities. Lipidomics revealed differential 
phospholipid composition indicate a possible remodulation of the membranes which may be 
critical for swarming bacteria. Work presented here, as well as most published microbial 
proteomics studies, have focused on proteins of known function. However, a big proteome fraction 
is rarely discussed in papers as they fall under PUFs. In an effort to look at this “dark matter,” 
Chapter 7 will utilize the computational approach and experimental approach to study PUFs in 
Clostridium thermocellum and their possible roles in transportation of amino acids and sugars and 
to maintain the redox balance within the cell. Along with the experimental time-course proteomics 
datasets data mining and interpretation, massive use of informatics to explore the co-expression 
networks and possible function of PUFs will be demonstrated. Finally, Chapter 8 will conclude 
the research presented in the dissertation and summarize the significance of research in the field 
of bioenergy, microbial growth condition adaptation and bioinformatics.  
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CHAPTER 2 
Experimental Design of Shotgun Proteomics and Bioinformatics 
methodology for microbial proteomics 
2.1 General Workflow for Mass Spectrometry-based Microbial Proteomics 
This chapter will describe the general methods and approaches used in shotgun proteomics, 
the primary “omics” strategy used in this dissertation. A 2-dimensional liquid chromatography 
coupled with nano-electrospray tandem mass spectrometry (2D-LC-nESI-MS/MS) was used for 
all the projects described in this dissertation. The major source of protein sample in this dissertation 
was either a bacterial culture or an extracellular fraction secreted when bacteria were grown in a 
specific growth condition. Starting material was always either a pellet of cells or bacterial culture 
supernatant. The approach was modified based on the sample complexity. For example, the 
bacterial whole cell would be more complex than the secreted proteins in the extracellular fraction. 
No matter which approach was used, the principle of extraction of proteins always remains the 
same.  
A typical workflow for bottom-up proteomics includes sample preparation, mass 
spectrometry measurements, and data analysis. During the sample preparation, proteins are 
extracted from the biological source (pellet or supernatant). The first step in protein extraction 
includes thawing of the sample (if kept at -80 C) by cold tap water. The next step is to homogenize 
the entire sample or a working aliquot (if sample is in excess) to induce cell lysis in order to acquire 
the internal components. Following lysis, proteins are extracted, denatured, and digested using 
protease, commonly trypsin. Resulting peptides are loaded onto a reverse and/or strong cation 
exchange column and separated using high-performance liquid chromatography (HPLC) system 
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before being introduced to the mass spectrometer’s source via nano-spray ionization. The peptide 
ions are separated by m/z in the mass analyzer and their intensities are recorded. For peptide 
sequencing, top abundant ions are subjected to fragmentation to generate tandem mass spectra 
(MS/MS). The MS/MS spectra generated experimentally are computationally matched with the 
theoretical spectra predicted from in-silico digestion of protein sequence containing database with 
trypsin. The protein database consists of predicted protein sequences for the microbial isolate in 
the study. This general bottom-up proteomics pipeline is standard, but sometimes the sample 
processing needs to be customized based on the complexity and type of sample. Each experimental 
steps and data acquisition steps are discussed below in detail.  
2.2 Sample preparation 
2.2.1 Sample Cultivation and harvest 
Cultivation or fermentation of microbes was done in the proper media, supplemented with 
necessary vitamins and other trace elements. Based on the complexity of the lignocellulosic 
substrates in which the microbes are grown, pretreatment might be needed. Pretreatment makes 
the cellulose more accessible to hydrolysis for converting cellulosic biomass to fuels. For example, 
switchgrass used to grow C. thermocellum was pretreated with dilute acid. Contrastingly, 
switchgrass used to grow C. bescii was not pretreated. This also depends on the experimental 
design. If the study was designed to investigate the extracellular proteome in several growth states 
as in the study with C. bescii, the preference would be to treat all the substrates in the same way. 
Cells were then harvested at the mid-log phase to get the maximum yield. The study on C. 
thermocellum was a time course study so cells were carefully harvested at different time points. 
Acquiring log phase collections is necessary for consistent results. Sometimes, experimental 
design might be to see the differences in proteome due to motility of an organism, for example in 
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the study with P. polymyxa a comparative study between swarming motility and swimming 
motility was done to account differential proteome changes. No matter what the research question 
is, in order to perform proteomics, a source of protein is required which could be bacterial lysate 
or the extracellular fraction where secreted proteins may be located. Bacterial cells were harvested 
for the works done with C. thermocellum and P. polymyxa while extracellular supernatants were 
collected during the mid-log phase of growth in the work done with C. bescii. Working with 
extracellular supernatants can be more challenging. The most common experimental challenges 
are possible contamination of supernatants with intracellular protein due to cell lysis. Besides 
protein, several other interfering substances might be secreted by cells. For example, supernatants 
derived from growth on xylan could be jelly and difficult to concentrate. Also, while working with 
real-world substrate biomass such as switchgrass, proteins anchored to the substrates might be 
difficult to separate and quantify.  
In this dissertation, C. thermocellum cells growing in switchgrass were collected for 
metabolomics and proteomics at 19, 43, 91, and 187 h post-inoculation. Samples for 
transcriptomics were collected at 19 and 43 h. For, C. bescii grown in six substrates (glucose, 
cellobiose, Avicel, xylose, xylan and switchgrass), cells and residual substrate were pelleted by 
centrifugation. Subsamples (50 mL) of the supernatant containing the secreted proteins were 
carefully decanted. The study involving P. polymyxa was grown in swarming agar plates composed 
of Müller-Hinton media with 1.7% agar and liquid media were performed by growing cells 
overnight with shaking at 30°C in 20 mL of media. The cells from liquid culture were centrifuged 
and swarming cells were collected using a sterile loop at the edges of the swarm. All samples were 
frozen immediately after collection in -80 C and shipped for proteomics and other omics studies, 
and thawed prior to cell lysis and protein extraction. 
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2.2.2 Bacterial cell lysis and proteome extraction 
Structural differences are seen in cell walls of Gram-positive bacteria and Gram-negative 
bacteria. The cell wall of Gram-negative bacteria consists of thin wall (single-layered) of 
peptidoglycan compared to the thick layer of peptidoglycan layer and Teichoic acid in the cell wall 
of Gram-positive bacteria. So, disruption of Gram-positive bacterial cell wall is more difficult than 
Gram-negative. All three bacteria in this dissertation are Gram-positive bacteria. Different 
methods of cell lysis include chemical lysis methods (detergents, acids, alkalis or organic solvents) 
or mechanical disruption method (freeze-thaw, liquid nitrogen grinding, homogenization, bead-
beating, sonication) or combination of both [81, 82]. There are pros and cons with each of these 
methods but the yield and efficacy of most of them are comparable. Most of the times the cell lysis 
is done in such a way that it becomes compatible to the peptide/proteins measurements techniques. 
A well-established method for cell lysis is SDS-TCA method can successfully extract 
protein from microbial source [83-85] and other complex environmental samples such as feces 
[86]. Even though SDS is a strong detergent, capable of disrupting the cell membrane and denature 
the proteins, due to thick peptidoglycan layer, Gram-positive bacteria are less susceptible to 
detergent lysis. Boiling samples in SDS followed by sonication or bead-beating generally helps in 
complete lysis and recovery of proteins, including hydrophobic membrane proteins of Gram-
positive bacteria. SDS is incompatible with protease activity and MS analysis, and thus needs to 
be removed. Precipitation of proteins using Trichloracetic acid (TCA) and acetone washes have 
been effective to remove the interference. Any remaining traces of SDS needs to be cleaned offline 
before actual MS. With the auto sampling capability with the new Qexactive mass spectrometer, 
the samples need to be clean.  In order to develop a robust and MS compatible protocol sodium 
deoxycholate (SDC) was used. Detergents such as RapiGenstTM SF (Waters) [87, 88] or SDC 
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[89] are considered MS compatible and they can be easily removed by lowering the pH. Urea or 
Guanidine-HCl are other commonly used denaturing agents, while dithiothreitol (DTT) and 
iodoacetamide (IAA) are used as reducing and alkylating reagent. In this dissertation, guanidine-
HCl, SDS and SDC along with physical disruption such as sonication and bead-beating have been 
used for denaturation and cell lysis. Currently, use of SDC detergent combined with bead-beating 
method has been developed in our lab. This method avoids the surface contamination as on-filter 
protein extraction and digestion are performed. This method has shown enhanced proteome results. 
This method was employed in the projects involved with P. polymyxa (Chapter 6) and C. 
thermocellum (Chapter 7). In contrast to SDS, SDC can easily be crashed out from the solution by 
addition of FA (lowering of pH) and spinning out. Alternatively, SDC can also be separated from 
solution by the use of ethyl acetate. The sample preparation using SDC is provided as a flowchart 
in Figure 2.1. 
2.2.3 Protein digestion 
It is necessary to estimate the amount of proteins extracted at this point mainly to 
standardize the amount of proteins in all experiment and to use the exact ratio of protease 
recommended by the company to get the optimal digestion. The total concentration of proteins can 
be quantified using bicinchoninic acid (BCA) assay. After an estimation of protein amount, the 
protein is subjected to digestion using a protease. Trypsin is the most commonly used protease in 
bottom-up proteomics, but several other proteases can also be used together or sequentially to 
obtain the better protein coverage. Since the only protease used during this dissertation was trypsin, 
it has been discussed here in greater detail. Trypsin is very specific and cleaves at the C-terminal 
side of lysine and arginine residues provided that the adjacent amino acid is not proline. Trypsin 
generates tryptic peptides with average 10~15 amino acids with a lysine or arginine residue, both  
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Figure 2.1. The MS compatible SDC protocol for the extraction of microbial protein, denaturation 
and digestion to peptides 
  
Resuspend cell pellet in 250uL of SDC
Boil (or 95˚C heat block) sample for 5 min
Sonicate sample 
BCA analysis (~10-20ul of sample) 
Add 250 uL of buffer (2% SDC)
Filter the resulting extract using 10KDa spin column
Add 500 uL of buffer on top of filter and vortex
Add 5mM of freshly prepared DTT
Add 15 mM of IAA and filter the resulting extract
Add trypsin (1:100) in  250 ul of trypsin buffer and incubate overnight
Add 250 ul of second round of trypsin and incubate for 4 hours
Centrifuge sample (4500 x g)  for 15-30 mins
Collect flow through and add 1% formic acid to flow through
Ethyl acetate clean-up followed by Speedvac, and Peptide BCA
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basic amino acids, at C terminus.  Tryptic peptides are ideal for mass analyzers with mass range 
of 400 – 2,000 m/z and they carry positive charges on both ends, thus can potentially be ionized 
and detected in the mass spectrometer. In the projects outlined in this dissertation, Trypsin 
(Promega; Madison, WI) was added at the ratio of 1:100 (trypsin:protein w/w) according to the 
BCA result obtained for crude protein and incubated overnight at room temperature. To acquire 
close to complete digestion, another round of trypsin was added using the same ratio and incubated 
for 4 hours.   
2.3 Liquid Chromatography 
 The resulting peptide mixture can be of different complexity (extracellular proteome or 
intracellular proteome). In order to better resolve the peptides, and reduce the sample complexity, 
it is recommended to fractionate the sample. The number of fractions will differ for extracellular 
proteome and intracellular proteome. Multidimensional protein identification technology 
(MudPIT), first described by Yates group [25], was used on all proteomics experiments described 
in this dissertation.  
 
MudPIT is a non-gel-based chromatography system capable of resolving thousands of 
peptides. The method uses two-dimensional liquid chromatography consisting of a strong cation 
exchange (SCX) and a reverse phase (RP) to separate peptides based on charge and 
hydrophobicity. Reversed phase chromatography is an adsorptive process, which relies on a 
partitioning mechanism to separate. As an equilibrium is established between the mobile phase 
and the stationary phase, such that the solute molecules partition. The distribution of the solute 
between the two phases is dependent on binding properties of the medium, the hydrophobicity of 
the solute and the composition of the mobile phase. A back column was prepared by packing ~5 
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cm SCX resin (Luna 5 µm particle size, 100 Å pore size, Phenomenex, Torrance, CA) followed 
by ~3 cm RP (C18) resin (Aqua 5 µm particle size, 125 Å pore size, Phenomenex, Torrance, CA) 
in a fused silica column of 150 µm inner diameter (Polymicro Technologies, Phoenix, AZ). Before 
sample was loaded a preconditioning wash of the back column was done for 5 minutes with Solvent 
B (70% acetonitrile, 30% HPLC grade water, 0.1% formic acid (FA)) and equilibrated for 5 
minutes with Solvent A (95% HPLC grade water, 5% acetonitrile, 0.1% FA). This wash helps to 
remove any impurities (if present) and acclimatize column with Solvent A (samples were prepared 
in aqueous buffer). 25 µg peptides derived from whole cell and 5 µg for peptides processed from 
supernatants were pressure-loaded onto the biphasic back column. Thus, loaded sample binds to 
the RP due to the hydrophobicity. A 45 minutes offline wash was done by equilibration with 
Solvent A followed by a gradient to Solvent B. This step is crucial mainly to clean-up the sample, 
and thus removes any salts or residual detergents (mainly when SDS is used) prior to MS 
measurements.  
After the offline wash, the back column was coupled with a HPLC pump (U3000, Dionex, 
San Francisco, CA) with an in-house pulled nanospray emitter of 100 µm inner diameter 
(Polymicro Technologies, Phoenix, AZ) for chromatographic separations as shown in Figure 2.2 
C. Solvents A, B as described above, and Solvent D (500 mM ammonium acetate prepared in 
Solvent A) flowing at µl/min, split flow (to waste and mass spectrometer). This setup directs 
majority of salts to the waste and results in lower flow rate at the front column (nL/min). As shown 
in Figure 2.2, the first MicroTee connects back column and directs flow to front column towards 
mass spectrometer. The voltage of (2-6 kV) is applied to second MicroTee for the ionization 
process. The second MicroTee also directs the excess flow to a 50 µm (~75 cm) fused silica  
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Figure 2.2. Working flow from back column to schematic diagram of MudPIT column A. Sample 
loading: peptides from digested protein sample are pressure loaded under onto a 150 µm inner 
diameter microcapillary column packed with SCX and RP, B. Front column/tip made from 100 
µm inner diameter packed with 15 cm of RP, and C. Schematic diagram of MudPIT column setup. 
HPLC, high performance liquid chromatography 
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providing back pressure. A back pressure of ~75-80 bar is created by this waste line to maintain a 
flow rate of ~400 nL/min at the front column.  
For whole cell proteomics, peptides were eluted/separated by 11 salt pulses with an 
increasing concentration of salts (ammonium acetate) followed by the RP organic gradients in each 
step. The salt pulse (Solvent D) was applied for a short phase (5 minutes) for each step. This salt 
would push a fraction of peptides from SCX to RP in front column. An increasing gradient of 
Solvent B from 0% to 50% was applied for 105 minutes to separate the peptides in the second 
dimension. The concentration of salt for all 11 steps for whole cell proteomics were 5%, 7.5%, 
10%, 12.5%, 15%, 17.5%, 20%, 25%, 35%, 50% to 100%. The gradient reaches 100% of Solvent 
B only in the 100% salt concentration step rather than 50% as in other steps. The fractionation of 
peptide helps to get a deeper proteomic measurement including a better dynamic range. MudPIT 
was applied in dissertation research explained in Chapter 4 and 6 and a modified-MudPIT (also 
called mini-MudPIT) only consisting 2 salt pulses (10% and 100% of 500mM Ammonium acetate) 
was applied in extracellular proteomics study as explained in Chapter 5 and whole cell proteomics 
on as explained in Chapter 7.   
2.4 Mass spectrometry instrumentation 
Current proteomics deals with challenges such as high-throughput screening, large 
dynamic range, reproducibility and high mass accuracy during protein measurements. To address 
these challenges, mass spectrometry (MS) has become a method of choice among the researchers. 
The superiority among the widely available mass spectrometers is dependent on analytical figures 
of merit: mass accuracy (ratio of mass error to true m/z – in ppm), mass resolution (full width of 
half maximum of a peak), mass range (the range of m/z ratio that mass analyzer can analyze), 
dynamic range (ratio of largest to smallest detectable signal), reproducibility or precision, duty 
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cycle (the time the instrument takes to acquire signals in a given setting), sensitivity (ability to 
measure small differences in concentration of an analyte and usually defined as the slope of the 
analytical calibration curve) and speed (the number of spectra per unit time that can be collected). 
The development of protein ionization methods has facilitated the MS-based proteomics along 
with the escalating availability of genome sequence databases. In the late 1980s, two soft 
ionization methods were introduced: MALDI and ESI, to ionize large, non-volatile biomolecules 
into the gas phase [90, 91]. These breakthroughs led to the development of commercial mass 
spectrometers 
A mass spectrometer can be broken down into three major components: the ion source, the 
mass analyzer, and the detector [18, 92]. In the last few decades, MS has been established as one 
of the most versatile tools to be able to characterize proteins. The analyte of interest is first 
introduced into the ionization source to produce gaseous ions with both positive or negative 
charges. Generated ions are then passed through the mass analyzer where they are resolved by 
their mass to charge (m/z) ratio. Ions emerging from the analyzer are detected and the signal is 
converted as relative abundance. This signal is then recorded by detector and the computer displays 
it as the mass spectrum with the intensity value or relative abundance on the y-axis and the m/z 
ratio on the x-axis.  
2.4.1 Ionization sources 
MALDI and ESI are the two major soft ionization techniques used for large biomolecular 
characterization. While both methods are widely used currently in proteins analysis, they have 
some unique features. In MALDI, analyte is mixed in the matrix, and a pulsed laser is used to 
desorb the analyte, thus promoting the ionization that generates predominantly singly-charged 
ions. MALDI-MS is popular in the analysis of intact proteins mainly because it has a broader mass 
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range, and advantage of easy sample preparation as it can tolerate salts, buffer and detergents. The 
most common mass analyzer that is well suited for pulsed ionization is Time of flight (TOF) mass 
analyzer, also known for its wide mass range [93, 94]. The biggest problem with MALDI lies in 
the incompatibility with LC and presence of only singly charged precursor ions making 
fragmentation process less efficient.  
Compared to MALDI, ESI can generate multiply-charged ions, could be easily coupled on-
line with ESI-MS and characterize the protein of complex samples and is well-suited for tandem 
mass spectrometry (MS/MS) in which top abundant ions are selected for peptide sequencing. ESI-
MS typically is performed at atmospheric pressure by applying a high voltage (typically 4 kV) to 
the capillary emitter that transfers the peptides into the mass spectrometer (Figure 2.3). The 
solution containing pre-formed ions is aerosolized in the emitter and the charged (positive or 
negative) droplets are produced within a capillary and a “Taylor cone” forms at emitter tip as 
described by Sir Geoffrey Taylor [95]. At the tip of the emitter the liquid surface tension force 
competes with the electric repulsive forces. At the high voltage, Taylor cone emits a fine jet of 
liquid which are released as droplets from the tip of the Taylor cone and are pulled towards a lens 
by a voltage drop between the capillary and the lens. There are two forces in the droplet that 
counterbalance each other: the surface tension to hold the droplet together and force of charges 
trying to move away from each other and break down the spherical shape (known as Coulomb 
force). As they move along the heated capillary, the solvent of the droplets evaporates ultimately 
causing the shrinkage of the size. This leads to the increase in surface charge density until the 
“Rayleigh stability limit” reached (point where surface tension = repulsion force). At this point, 
“Coulomb fission” occurs and smaller droplets usually 2% the size of the original but almost with 
15% of the charge form, altering the charge per unit volume [96]. The fission process occurs  
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Figure 2.3. Schematic representation of the electrospray ionization process. 
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repeatedly and as the ion enter the vacuum (before the mass analyzer), a supersonic explosion of 
the ions and gas occurs. Produced ions will further evaporate the remaining solvent as they pass 
through the heated capillary and lead peptide ions into the mass analyzer. The ESI process is shown 
in Figure 2.3.  
ESI does have some disadvantages. Proton transfer reactions such that species with the 
greatest proton affinity retain a charge. Some analytes with a low proton affinity might have a 
weak signal, if any at all, because they will transfer their protons to analytes with higher affinities. 
ESI further suffers from lower sensitivity when compared to MALDI, which is now much 
improved with the introduction of nanoelectrospray ionization (nESI) [97]. By decreasing the flow 
rate to nL/min, reduces the sample amount, forms smaller droplets, leads to increased ionization 
efficiency by 50~60%, greater sensitivity and better tolerance to the salts and other impurities as 
compared to conventional ESI [98]. Currently, nESI has become the most commonly used 
ionization technique in peptide and protein analysis.  
2.4.2 Mass analyzer and detector 
After the ions in gaseous phase are introduced into the mass spectrometer, the mass 
analyzer resolves ion by m/z. Many different types of mass analyzer are available. Besides 
resolving ions, several analyzers can also function to trap and store ions. The most commonly 
known commercially produced mass analyzers include quadrupole, ion trap, time-of-flight (TOF), 
and Fourier transform analyzers (ion cyclotron [ICR] and Orbitrap), and other combinations or 
hybrids of these analyzers. The choice of mass analyzer depends on several experimental 
considerations and number of other factors. Some of these factors include m/z range to be 
analyzed, the mass of the analyte, resolving power of the analyzer, the ability of the analyzer to 
interface with the ion source of the mass spectrometer, and the limit of detection required [99]. 
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There is not a single mass analyzer that is suitable for all applications. Despite all of several mass 
analyzers that are commercially available, current proteomics measurements most commonly use 
ion trap mass analyzers [100] and Orbitrap [101]. Ion trap mass analyzer are the modified versions 
of quadrupoles mass analyzer [102]. There are two kinds of ion trap: 2D and 3D ion trap. At 
present, 2D ion traps, often referred as linear ion trap (LIT), more popular than 3D ion taps, are 
commonly combined with Orbitrap mass analyzer for proteomics measurements. 
Ion Trap Analyzers 
In general, the single linear ion trap (LIT) mass analyzers are two-dimensional rectangular 
ion storage devices, composed of an array of four hyperbolic metal rods creating a space between 
them [100]. Different types of voltages are necessary to operate the 2-D ion trap.  Ions are confined 
radially (x- and y-direction) by a two-dimensional radio frequency (RF) potential and axially (z-
direction) by a direct current (DC) potential applied to the front and back end caps (electrodes), 
controlling the longitudinal trajectory of ions. In addition, a constant DC voltage and a 
supplemental alternating current (AC) voltage are applied to the rods to regulate the axial trapping 
and radial excitation, respectively. The appropriate combination of the above potentials generates 
nine separate voltages to apply to different electrodes in order to trap ions axially in the central 
section of the trap. In addition, RF voltages with variable amplitudes but constant frequency, 
applied to the rods to ramp the voltages during scan. Low RF voltage helps to trap and stabilize 
ions with a broad range of m/z values in the radial direction. As the RF voltage increases, 
increasing m/z ions are sequentially unstable and ejected into the detector system where a mass 
spectrum can be acquired. 
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Orbitrap analyzer 
 Orbitrap is an electrostatic ion trap mass analyzer that consists of two outer electrodes and 
a central electrode, which makes it an analyzer and a detector. These ions that enter the Orbitrap 
are captured by the process called "electrodynamic squeezing". When a static DC is applied to the 
central electrode, the ions come very close to striking the outer electrodes. This DC voltage is 
quickly ramped, compressing the ions trajectory in both the radial and axial dimensions. This 
oscillation of ions around the central electrode and in between the two outer electrodes also 
minimizes ions loss to outer electrodes. The oscillating frequencies of different ions varies, key to 
separation of ions. The oscillation frequencies induced by ions on the outer electrode is measured 
to acquire the mass spectra of ions using image current detection. So, Orbitrap mass analyzer is 
actually a smaller and easily operated Fourier Transform mass analyzer analog of FT-ion cyclotron 
resonance (ICR) technology. Orbitrap technology generates high resolution (500,000 FWHM – 
1,000,000 FWHM) and accurate mass data with sub-1-ppm mass accuracy typical of injected 
analytes, which is possible due to nanometer range accuracy electrodes, high voltage supplies and 
m/z measurements as the function of oscillation frequency.  
Hybrid MS instrumentation 
 Each mass analyzer has its pros and cons, and to overcome these limitations, combination 
of different analyzers has been designed and utilized. LTQ-Orbitrap Velos Pro is one of the most 
commonly used hybrid instrumentation platform which incorporates Velos Pro™ dual cell linear 
trap and the Orbitrap™ analyzer. The instrumentation platform consists of four major components 
as described in Figure 2.4. a) Dual cell linear ion trap (Thermo Scientific Velos Pro) for sample 
ionization, selection, and fragmentation, b) Intermediate storage device (curved linear trap) that is 
required for short pulse injection, c) An Orbitrap analyzer for Fourier transformation-based 
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analysis and d) Collision cell for performing higher energy CID experiments. This unique platform 
enables ultra-high resolution (greater than 60000 (FWHM) at m/z 400) with a scan repetition rate 
of 1 second and maximum resolution of 100000, high mass accuracy (<3 ppm using internal 
calibration), great dynamic range (>10000), and mass range m/z 50–2000; m/z 200–4000. These 
features have upgraded proteomics capability to a new dimension with deeper measurements, even 
with very complex samples or with low sample amounts.   
In LTQ-Orbitrap instrumentation, ions inside mass spectrometer pass through a number of 
lens and multipoles (known as ion optics). The ions are transmitted from an atmospheric pressure 
source to the vacuum area and accumulated in the gas filled RF only curved linear trap (C-trap). 
Ions entering C-trap lose their kinetic energy as they collide with nitrogen collision gas (bath gas) 
coming from HCD cell, and the ions get accumulated in the middle part (axis) of the C-trap. The 
nitrogen gas also serves the function of dissipating the kinetic energy of the ejected ions and to 
cool them down. Ions trapped in the C-trap are then ejected into the Orbitrap for high resolution 
and accurate mass determination. Voltages on the entrance and exit apertures of C-trap are elevated 
to provide a potential along its axis. The ions are further squeezed into a shorter thread along this 
axis by ramping up the voltages. Ion optic supply board provide entrance and exit DC voltages as 
well as RF voltages to the multipole. For ion extraction, the RF on the rods is turned off and the 
DC voltages are applied, which pushes the ions orthogonally to the curved axis through a lot in the 
inner electrode (as shown in Figure 2.4). Ion beam converges on the entrance into Orbitrap mainly 
due to the initial curvature of the C-trap and the subsequent lenses. Z lenses that follow C-trap 
form differential pumping slots, and thus spatially focuses the ion beam into the entrance of the 
Orbitrap analyzer. Electrostatic force deflects ions from the gas jet, thus eliminating gas carryover 
into the analyzer.    
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Figure 2.4. Schematic of the Orbitrap Velos Pro Hybrid Mass spectrometer. Image source: Thermo Scientific LTQ Orbitrap Series 
Hardware Manual, https://assets.thermofisher.com/TFS-Assets/CMD/manuals/Orbitrap-Velos-Pro-Hardware.pdf 
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2.4.3 Data acquisition in mass spectrometry  
 With the latest development of chromatography and MS instruments, a significant 
improvement in peptide separation and scan speed have been achieved. This has led to the increase 
of peptide identification. To obtain peptide information from full MS1 spectrum, consisting, 
thousands of ions, precursor ions in MS1 are selected and subjected to further fragmentation 
(MS2). To maximize the instrument performance and sequencing efficiency of the mass analyzer, 
top precursor ions are selected instead of selecting all the precursor ions. For this purpose, two 
acquisition methods are well established popularly known as data-dependent approach (DDA) 
[103] and data-independent approach (DIA) [104]. In DDA approach, highly abundant precursor 
peptides (usually 20) ions are selected for isolation and fragmentation following a full MS scan. 
Contrastingly, in DIA, the entire m/z range is divided in series of consecutive windows and all 
peaks that belong to that window are fragmented simultaneously irrespective of their intensities. 
The DIA approach sequences the peptides of an entire m/z, and provides complete sequencing of 
every available ion; however, the major challenge of differentiating chimeric spectra generated 
from peptides co-fragmentations persists [105]. On the flip side, there is a good chance that the 
abundant peptides can be repeatedly fragmented in DDA, which would impact the measurement 
depth, it is important to have a dynamic exclusion list [106] for example of duration time (30s – 
60s), so lower abundant peptide which becomes visible in another full scan can be included. 
Dynamic exclusion list would have highly abundant peptides, that have undergone fragmentation 
process, from defined duration time, and eliminates these precursor ions from fragmenting 
multiple times at the expense of other less abundant ions.  All the mass spectrometry measurements 
in this dissertation were performed in DDA mode.  
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2.4.4 Tandem mass spectrometry 
Tandem Mass Spectrometry (MS/MS or MSn; n=2,3,...) refers to two or n stages of mass 
analysis associated with ion fragmentation process. A generic tandem mass spectrometry follows 
four basic steps: a) Obtain a mass spectrum, b) Isolate ions with the m/z for the component of 
interest (precursor ions), c) Energetically activate or react the isolated (precursor) ions, d) Mass 
analyze product ions. First step is to see if the component of our interest is present in the sample. 
This also helps us to determine the m/z value of the component. In the next step, the ions with m/z 
values of parent ion are subjected to fragmentation via translational energy. At this moment 
neutrals and radicals are eliminated. Finally, the product ions resulting from the fragmentation are 
recorded by scanning the rf voltage to perform second mass analysis scan. 
In Orbitrap, the sequential measurements of MS1 and MS2 occurs over time. During MS1, 
ions are formed in the ion source and separated by m/z, followed by selection of precursor ions of 
particular m/z and fragmentation (product ions) using, most commonly, collision-induced 
dissociation (CID) [107]. The resulting product ions are then separated and detected during MS2. 
During CID or collision-activated dissociation (CAD), the parent ions are accelerated by 
appropriate voltages and collision occurs with neutral inert gas such as helium or nitrogen.  
During the collision step, the kinetic energy of the ion converts into total internal vibrational 
energy, bringing the ion to an energetically excited stage and leads to the unimolecular dissociation 
of the activated ions. Before dissociation occurs, energy is redistributed among entire vibrational 
modes due to slower dissociation rate compared to the rate of energy randomization which cleaves 
the weakest bond. Upon collision with inert gas, only a fraction of kinetic energy present in the 
ion can be converted into internal energy. As mentioned, CID always at first breaks the weakest 
bond, so for peptides, the peptide bonds are always preferentially cleaved and b, and y ions are 
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thus largely formed in CID (Figure 2.5). Once these MS/MS spectra are recorded as raw files, 
peptide sequence is determined by software. The details of bioinformatics and choice of software 
tools are explained below.  
2.5 Use of Bioinformatics in proteomics data analysis  
With the current instruments capabilities, large amount of raw data are generated which 
requires bioinformatics in the proteomics data analysis. In this dissertation, all the bioinformatics 
works were done using the known database for the organism under study. The use of 
bioinformatics using different scripting languages and constructing a pipeline for proteome data 
analysis, with modern tools, starting from raw files to tab-delimited files with normalized protein 
intensities is explained in Chapter 3. In this chapter, a brief overview of the history and 
development of bioinformatics and some approaches used for database searching and inference of 
proteins are explained.  
2.5.1 Database search algorithm 
 Development of various database searching algorithms has significantly helped in 
sequencing peptides. Though there are several algorithms that can perform this task with respective 
pros and cons, the principle behind the algorithms is the same. The output files (Thermo Scientific 
.RAW) generated for Chapter 4 were searched with the SEQUEST database algorithm [22]. 
SEQUEST comprises of four major steps a) spectrum preprocessing and data reduction; b) search 
method; c) scoring method; and d) cross-
correlation analysis. In the data reduction 
step, 200 most abundant ions in each 
scan (ranked by intensity) are retained  
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Figure 2.5. Ion fragmentation pattern resulting from different activation methods. A peptide 
consisting of four amino acids residues and the types of fragmentation (a, b, c, x, y and z) generated 
by different activation methods. The predominant ions in CID are b and y type of ions. 
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and renormalized to intensity 100, and thereby removes noise peaks to improve the overall search 
performance and accuracy. All peaks within +/- 1 Da window give the intensity of the higher value 
and peaks that fall with 10 Da of precursor ions are eliminated. After this, the algorithm searches 
spectra against peptide sequences from the user provided database of protein sequences. This is 
the mass of the ion before fragmentation. Each protein sequence in the FASTA file (database) 
provided is scanned to find all the combinations of consecutive amino acids that fall within the 
observed mass range of the precursor. The program predicts the m/z values of b and y type ions 
for the list of candidate peptides. Any kind of chemical modifications (static or dynamic) are 
incorporated in the search parameters. The mass shifts are taken into consideration when the 
program calculates b and y ion calculations. Any additional parameters can be specified in the 
sequest.params configuration file. Depending on the resolution and mass accuracy of the 
instrument, different level of mass tolerance is specified. For LTQ Pro and LTQ-Orbitrap Pro, a 
mass error tolerance of 1.5 mz and 10 ppm is used respectively.  
For computing the scores, preliminary score 
(Sp) are determined. To obtain the Sp, SEQUEST 
renormalizes each spectrum’s observed peaks into 
three intensity classes. Class A consists of observed 
peak matching b and y ions, class B has observed 
peaks matching +/- 1 Da of b and y ions and class C 
consists of observed peaks that match to a neutral ion 
loss of water and ammonia, and a ions. The number 
of ions present in class A and class B are summed up 
and additional weight is given for consecutive 
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fragment ions and immonium ions. Although this score gives a quick preview of peptide-spectrum 
match scores but is biased towards longer peptides.   
After this, SEQUEST performs a cross-correlation analysis score to compare the top 500 
candidate sequences with a reconstructed (theoretical) spectrum based on m/z ratios of predicted 
b and y ion series and relative intensities are assigned from one of three intensity classes. The 
correlation score xcorr (also known as Cxy) is an average distance of observed differences between 
observed and reconstructed spectra. Standard thresholds scores >1.8 for +1 charge state, >2.5 for 
+2 charge state and >3.5 for +3 charge states are typically used. An additional score, the deltCN 
(difference between two highest xcorr values), is the indication of how well SEQUEST could 
distinguish top peptide spectrum match compare to the second-best peptide spectrum match.  
 To access the certainty in the resulting peptide spectrum matches, the false positive rates 
(FPR) and false discovery rate (FDR) are determined. FPR is the property of an individual 
spectrum and FDR is the property of multiple spectra. FDR is the proportion of incorrect 
identifications among all identifications judged correct. When using SEQUEST or any other 
database searching algorithm it is common to append a decoy database to the list of possible 
identifications. This can be seen as a competition between target and decoy sequences to calibrate 
the scoring scheme. Doubling the decoy hits assumes the numbers of false positives incorrectly 
labeled with forward hits. The decoy database should resemble the target database as closely as 
possible. 
FDR = 2 X Decoy hits (FP) / All peptide spectrum matches above threshold (FP+TP) 
For Chapter 5, the output files (Thermo Scientific .RAW) were searched with MyriMatch 
algorithm [108]. MyriMatch has three major steps similar to SEQUEST: spectrum preprocessing, 
searching, and scoring. MyriMatch has a preprocessing step that can be tuned and ranks the ions 
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by their intensity retaining the top 98% (mostly) of ions in each scan. The principle for searching 
stays the same even though MyriMatch uses a statistical model to score peptide matches that is 
based upon the multivariate hypergeometric distribution, mostly the intense peaks. Finally, the 
acquired spectra are compared to predicted spectra. An experimentally measured m/z value is first 
matched to the predicted m/z considering instrument’s mass tolerance, intensity class information, 
and evaluating the random match probability by multivariate hypergeometric (MVH) distribution. 
The negative log (MVH) value is reported for each spectrum. If this value is lower the confidence 
of a true match is higher. 
For Chapter 6 and 7, the output files (Thermo Scientific .RAW) were searched with tide-
search, which is the reimplementation of the SEQUEST algorithm. The main advantage of this 
tool over other tools is its speed. With the advent of meta-proteomics and high-throughput data 
due to autosampling capability in current LC system, it is necessary to adapt a tool that is robust, 
efficient and faster. Chapter 3 explains this tool, and the pipeline that was constructed in order to 
automate the analysis of very simple to complex proteomics data using .mzML files as input and 
final normalized file as the output files.  
2.5.2 Protein inference and quantification 
 Following searches, identified peptides are filtered and assembled into proteins. 
DTASelect software [109] is implemented for this purpose provided that SEQUEST was used for 
database searching. The software summarizes, evaluate and reports the different layers of filtering. 
Most important information from SEQUEST such as scores and peptide positions in proteins are 
summarized. Next, flexible, user-defined criteria for each peptide spectral matches (PSMs) are 
applied and evaluated. The peptides that pass the given criteria are further processed.  These 
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confident peptides are mapped to protein and finally all proteins, peptides and PSMs that passed 
the criteria are reported.  
IDPicker software [110] was used to filter the searches from MyriMatch and assemble 
peptides to proteins. IDPicker relies on a PSM and protein level FDR to control the quality of 
peptide and assemble them to proteins which is more dynamic compared to DTASelect and 
employs the score threshold for each peptide. It extracts peptide, sequence, scan and scoring 
information from MyriMatch output files. Next, peptides are assembled into proteins using user-
defined protein level filters. The filters include minimum spectra per peptide, minimum spectra 
per match, maximum protein groups, maximum distinct (unique to database with unique mass; 
considers charge states and modifications) peptide, minimum additional peptides for the protein 
validity and minimum spectra per protein. IDPicker uses three modules to perform filtering and 
inference: PSM-level FDR calculation (IDPqonvert), protein assembly and filtering 
(IDPassemble), and reporting (IDPreportFDR).  
Percolator, [111] a semi-supervised learning algorithm that dynamically learns to separate 
target from decoy peptide-spectrum matches (PSMs) was used to filter and infer proteins for tide-
search result generated for Chapter 6 and 7. This has been described in greater detail in Chapter 3. 
Computational approaches for data analysis have played a key role in the proteomics workflow. It 
is up to the user which method they prefer in the quantification of peptides. Broadly label free 
quantification can be divided in two categories; i) feature-based quantification ii) spectral counting 
– by MS/MS peptide identification. Spectral counting method was used in Chapter 4, and Chapter 
5,6 and 7 used feature-based quantification. Feature-based quantification is compared with spectral 
counting method and described in greater extent in Chapter 3.  
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The proteomics data analysis for whole cell proteome and exoproteome are done using 
same tools. However, in order to remove biases due to intracellular proteins in extracellular 
proteomics, further cleaning of data is highly recommended.  
2.5.2 Tools used for extracellular proteomics 
 Extracellular proteomics done on supernatants, usually consists of intracellular proteins 
too, released by cell lysis. The variations that arise from these contaminations should be controlled 
and the dataset needs to be normalized accordingly. Preprocessing of data and statistical analyses 
need to be conducted only on the possible extracellular proteins. There are several tools publicly 
available that are capable of predicting the extracellular proteins, proteins that consists of signal 
peptide, membrane proteins prediction and/or localization of these proteins. A new matrix needs 
to be created that consists of possibly extracellular proteins only. This not only helps in the 
reduction of data to extracellular proteome but also helps to see the effect of cell lysis during 
sample preparation. SignalP 4.1 server predicts the presence and location of signal peptide 
cleavage sites in amino acid sequences from different organisms. The method uses combination of 
several artificial neural networks to incorporate a prediction of cleavage sites and a signal peptide 
prediction [112]. Phobius is another similar server used for prediction of transmembrane topology 
and signal peptides from the amino acid sequence of a protein [113]. TMHMM is a tool for 
predicting transmembrane helices in proteins based on a hidden Markov model, this is useful for 
understanding the prevalence of membrane proteins [114]. PSORT is a tool used for predicting 
protein localization sites in cells. It analyzes the input sequence by applying the stored rules for 
various sequence features of known protein sorting signals and it reports the possibility for 
localization based on input sequence [115]. All of these tools use amino acid sequence as the input 
sequence. Chapter 4 has used SignalP to investigate the extracellular cellulosomal proteins 
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consisting of signal peptide. Extracellular proteomics was conducted in Chapter 5 using PSORT, 
Phobius and SignalP. These tools predict possible extracellular proteins, which can be further 
filtered for statistical analyses.  
2.5.4 Statistical methods used for proteomics data analysis 
After a matrix of quantified proteins is created the next step is to biologically describe the 
data. The volume of data generated using high-throughput proteomics is large and most of the 
proteomics experiments are often driven by different growth conditions or temporal dynamics.  
The quantified protein matrix consists of differentially abundant proteins and the differences can 
come from sample variances, experimental variances and instrumental variances; therefore, 
appropriate statistical methods are key to evaluating these large datasets, and accurately interpret 
the data [116]. Downstream biological analysis of multivariate quantitative protein abundance data 
generated using mass spectrometry- based analysis, including data preprocessing, data reduction, 
normalization, time-series analysis, cross-omics comparisons and multiple-hypothesis testing, 
clustering, and data visualization is key towards inferring appropriate biology. Some of the key 
steps in handling proteomics datasets are described below.  
The first step to interrogate the proteomics dataset is see if the intensity distribution follows 
Gaussian distribution. After this the data is log transformed and normalized to adjust the variations 
coming from systematic biases, caused by nonbiological reasons (sample preparation and MS 
measurement), thus making samples more comparable to each other. Different normalization 
methods are described and compared in the recently published paper [117]. To identify the list of 
differentially abundant proteins a significance test is carried out for each protein, in which “protein 
does not exhibit differential expression” becomes null hypothesis and “protein exhibit differential 
expression” becomes an alternative hypothesis. A threshold of 0.05 or 0.01, is the significance 
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level or probability level that is used to accept or reject the null hypothesis. Probability of false 
positive discoveries can be greatly increased by multiple-comparison testing, so the traditionally 
acknowledged significance level 5% is magnified when thousands of proteins are compared at the 
same time. Multiple testing correction method must be applied to avoid over-inflating the results. 
For example, if a protein is horizontally pairwise compared under multiple different conditions, 
since the same protein was compared several times multiple testing correction methods such as 
Familywise error rate (FWER), FDR, etc.  
Firstly, missing values are imputed by drawing random numbers from a normal distribution 
to simulate signals from low-abundant proteins. Following imputation, if the data follows a normal 
distribution (always should be applied to log transformed data), Student’s t-test is applied in an 
experimental design involving two conditions (for example treatment versus control). Analysis of 
variance (ANOVA) test deals with the differences between sample means, but with more than two 
groups are compared. Significant p-value for each protein is reported by ANOVA if any two 
groups are significantly different. A post hoc test, such as Bonferroni, Least significant difference 
(LSD) or Tukey’s Honestly Significant Difference (HSD) test is usually employed after ANOVA 
to investigate the pair of groups that were significantly different. In this dissertation, ANOVA is 
used in Chapter 4 and 7, Student’s t-test followed by multiple correction using FDR is used in 
Chapter 5 and, Student’s t-test is used in Chapter 6.  
2.5.4 Functional groups assignment and enrichments 
To understand more on the functional aspects of the set of significant proteins, several 
databases can be approached to extract the information about functions. The most popular 
databases include Cluster of Orthologous Genes (COG) [118], the Kyoto Encyclopedia and Genes 
and Genomes (KEGG) Orthology (KO) [74]  and the Gene Ontology (GO) [119].  
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KEGG, molecular level functions are stored in KO database, associated with ortholog 
groups based on experimental evidences, created together with the KEGG PATHWAY, KEGG 
BRITE, and KEGG MODULE databases. This information is valuable not only to known 
functional aspect of an enzyme but also on where it belongs in the pathway.  
The GO relates to gene functions (‘GO terms’), and how these GO terms are related 
functionally to each other (‘relations’). The GO describes function as molecular function 
(molecular-level activities performed by protein), cellular component (the locations relative to 
cellular structures in which a protein performs a function), and biological process (the biological 
processes accomplished by multiple molecular activities).  
Most of these databases provide meaningful information and a researcher decides on how 
to utilize these annotations. In this dissertation, firstly the functional annotations for the 
differentially abundant proteins (statistically significant) were extracted. They were enriched using 
hypergeometric test to find the functional relationships among those protein that might help to 
better elucidate the underlying biology. If any functional annotation has a larger than expected 
subset of our selected proteins in the annotation list provided, these functions could be pivotal in 
that growth state. The hypergeometric test uses the hypergeometric distribution to measure the 
statistical significance of having drawn a sample consisting of a specific number of k successes 
(out of n total draws) from a population of size N containing K successes. In this dissertation, (KO, 
COG and GO) terms were used in Chapter 4 and these terms were enriched. GO and KO terms 
were used in Chapter 5 and 6. One drawback with functional enrichment is a huge fraction of 
proteome consists of PUFs and DUFs and their functional annotations are absent. The researcher 
should try to extract any information possible for these unknowns. Several tools that could 
investigate the possible functional prediction based on sequence are available. Tools such as 
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InterProScan [120], BlastKOALA [71], and eggNOG mapper [121] to obtain extra information 
and extra ontologies (information of Pfam domains, SMART, TIGRFAMS, etc.) were used in this 
dissertation. InterProScan provides functional analysis of protein sequences by classifying them 
into families and predicting the presence of domains and important sites using predictive models, 
known as signatures from member databases, all included in InterProScan consortium. KOALA 
(KEGG Orthology And Links Annotation) is KEGG's internal annotation tool and BlastKOALA 
assign K numbers to the user's sequence data by BLAST searches, against a nonredundant set of 
KEGG genes. eggNOG-mapper is a tool for fast functional annotation of sequences using 
precomputed orthologous groups and phylogenies from the eggNOG database and extracts 
functional information from fine-grained orthologs only. It searches the homologs with higher 
precision compared to BLAST. All these functional annotation tools have been used in functional 
annotation of P. polymyxa in Chapter 6.  
The results from statistical analyses and biological interpretation are directly driven by the 
use of database search algorithms, and method for protein inference and quantification used. It is 
very important to have a well-defined pipeline to perform all proteomics data analysis. Chapter 3 
describes a flexible pipeline for protein identification and quantification. 
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CHAPTER 3 
Selective refinement of Bioinformatic tools to create a flexible 
pipeline for protein identification and quantification 
3.1 Background 
Label free shotgun proteomics has enabled the identification of large numbers of proteins 
from biological sources, in a high-throughput manner. Purified proteins are digested into peptides, 
are separated chromatographically, and then fragmented in the mass spectrometer. These 
fragmented ion spectra can be used to deduce the amino acid sequences of detected peptides in 
order to identify and quantify proteins in a biological sample. The data analysis process (from raw 
files to relative quantification of these proteins) is typically performed in multiple steps, with a 
variety of potential techniques and software tools at each step. Figure 3.1. shows a general 
workflow for interpreting protein mass spectra including search engines for database search, 
followed by pre- and post-processing engines for assigning high-resolution precursor masses to 
spectra, assigning statistical confidence estimates of putative identification (spectra, peptides and 
proteins), and performing label free quantification (feature-based quantification or spectral 
counting). Proteomics require a set of tools that can acquire a complete protein database and curate 
it, and in-silico digest it, search the raw mass spectrometry files against the protein database, filter 
out high quality peptide ID's at a specific FDR threshold, quantify the identified peptides, map the 
peptides back to the protein, quantify the proteins, and make a biological interpretation from the 
results.  
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Figure 3.1. Schematic representation of the different tools constituting a proteomics data analysis pipeline. 
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To put together a pipeline for “omics” data analyses, some considerations are necessary:  
1. Are there any informatics tools available?  
2. Are my input files compatible with each module of the pipeline? 
3. What are the expected output files?  
4. How much time will it take to get meaningful results? 
5. How reliable are the generated results?  
 
Several database dependent search engines such as MASCOT, SEQUEST, PEAKS, 
X!TANDEM, OMSSA, etc. compare observed spectra with database predicted spectra and assign 
probabilities using different algorithms [122, 123]. Briefly, search algorithms returns the list of 
peptide sequence that fit a recorded spectra to experimental data with a certain probability score 
or false discovery rate (FDR) [122, 123]. Finally, the identified peptides are assembled to proteins. 
Redundant peptides and alternatively spliced proteins makes this process very challenging [124]. 
Computational approaches for data analysis have played a key role in the proteomics workflow. 
The user must decide which method they prefer in the quantification of peptides. Broadly, label 
free quantification can be divided in two categories i) feature-based quantification ii) spectral 
counting – by MS/MS peptide identification. For feature-based quantification, the peptide ion 
chromatograms are extracted from the LC-MS/MS run and their mass spectrometric peak areas are 
calculated. Relative quantification information can be achieved by comparing the intensity value 
for each peptide across different experiments. Feature-based quantification relies heavily on mass 
spectrometer, peptide spectrum profile and balance between precursor peptide ion and its fragment 
spectra [125]. On the other hand, spectral counting is rather straightforward. It is defined as 
counting the number of MS/MS spectra identifying a given peptide or protein. The major drawback 
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with this method is the small number of spectral counts for proteins present in low abundance give 
rise to less robust quantitative measurements of these proteins mainly due to the need to limit false 
discovery rate (FDR) so as not to count lower quality spectra [126]. Spectral counts also correlate 
poorly to actual abundance of proteins compared to MS1 intensity. 
Connecting search algorithm, filtering tool, and quantification together remains a major 
bottleneck for high performance big data projects. Many tools are available from different groups 
which can perform the previously mentioned tasks individually. This means the user must run each 
step independently. Ideally, each module could be integrated into a single linear computation 
process also known as a pipeline. This requires some level of coding expertise. There are suites of 
tools that aim to provide a single environment to perform most of the steps in the workflow; 
however, these tools come with several inherent limitations such as performance, and lack of 
flexibility. For example, the openMS proteomics pipeline (TOPP) uses Mascot algorithm to search 
data [127], and for large scale and routine work, a license for Mascot Server is needed to run in-
house on high performance computers. The Trans-Proteomic Pipeline (TPP), which includes a 
MS/MS analysis pipeline [128], is graphical user interface, and Windows specific, which can lead 
to problems in performance. Further, the documentation and manual for TPP is not straightforward 
making it difficult to simply install. Multiple programming languages such as C++, Perl and Java 
are used to develop TPP components, making the integration of new functionality into the TPP 
framework via other pieces of code extremely complicated.  
 The data processing and analysis bottleneck can currently be overcome through integration 
of tools into a linear pipeline. During the generation of a pipeline, a developer should consider 
several key attributes of the tools which are going to be integrated. This chapter mainly describes 
a pipeline which combines different analysis tools using Python scripts and various modules 
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wrapped together in a bash script. This allows the pipeline to be called with a single command. 
This pipeline comprises of five major parts.  
1. Use crux mass spectrometry analysis toolkit to create a PSM and peptide file with q-values and 
use modest Feature Finder (moFF) to extract apex MS1 intensity. 
2. Use the q-values obtained from Percolator (available in crux toolkit) and do the PSM level and 
peptide level filtering.  
3. Output a single normalized protein report for different experiments; ready for statistical 
analysis along with PSM and peptide level FDR reports. 
4. The pipeline provides a flexible, user friendly input of data analysis parameters to create the 
output normalized file.  
5. The use of HPC to process gigantic data. 
 
The Crux MS analysis toolkit is a collection of several search engines such as Tide [23] and 
Comet [35] for both standard and cross-linked database search, as well as a variety of pre- and 
post-processing engines such as Percolator [111] and Barista [129] for assigning high-resolution 
precursor masses to spectra, assigning statistical confidence estimates to spectra, peptides and 
proteins, and performing label free quantification (Figure 3.2). Crux comes pre-complied for the 
Linux, Windows and MacOS operating systems. Using crux MS toolkit offers several advantages 
over other data analysis methods. The advantages are listed below. 
1. Works in all platform (Linux, Windows and MacOS). 
2. Robust, fast, efficient and use of latest algorithms. 
3. Crux is updated frequently and is monitored by experienced group of responsible people, well 
known in the field of proteomics. 
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Figure 3.2. An Introduction to Crux mass spectrometry analysis toolkit.
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4. Google forum of members is present. Any issues with the use of software is quickly answered 
(https://groups.google.com/forum/#!forum/crux-users).  
5. Use of machine learning algorithms helps to speed up the analysis of high-throughput data. 
 
With the advent of new technologies and MS capabilities, tons of data are generated each day. 
A conventional technique or pipeline does not fulfil the computational demand needed to search 
these data. The major problem is that large databases require more physical memory for the FDR 
calculation than is possible in a desktop. Computations on large datasets can be performed by 
distributing tasks over many computer processors as available in cluster-based computing. The 
pipeline developed in this dissertation uses moFF to extract XICs, and reports apex intensity as the 
quantification approach. moFF is an OS independent tool designed to extract apex MS1 intensity 
using a set of identified MS2 peptides. It is a fast, robust, operating-system independent relative 
quantification algorithm which scales to enable quantitative analysis of very large mass-
spectrometry-based proteomics data sets [130]. MaxQuant is one of the most popular software that 
implements MS1 quantification [131]. It detects features by fitting a Gaussian peak shape to three 
dimensions (intensity, retention time(RT), and m/z) and then estimates peptide intensity as the 
volume of this 3D feature [130]. MaxQuant suffers from speed penalties and increasing 
computational resource requirements as data set size increases. On top of that, MaxQuant only 
runs on Microsoft Windows, thus making it impossible for automated pipelines on cluster 
environments. With the increase in size and complexity of quantitative datasets, there is need for 
fast, modular, cross-platform algorithms which can scale with the size of complex data sets. The 
major advantages of using moFF are mentioned below. 
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1. Fast, robust, operating system-independent MS1-based relative quantification algorithm 
that can handle any list of annotated features 
2. moFF can be run through a command line. 
3. moFF can also take a simple tab-separated input file of features.  
4. moFF has OS-independent access to both Thermo Scientific raw files and mzML files, 
making it perfectly suited to scripted pipelines running on cluster environments.  
5. moFF is an independent module, which allows the user to choose any upstream search 
engine(s) and downstream post-processing software, thus enabling seamless integration 
in fully automated pipelines.  
6. moFF is well suited to handle the complex proteomics experiments. 
3.2 Components of the Pipeline and its workflow 
The pipeline consists of five Python modules that are wrapped together in a bash script. 
The five Python modules and their brief overview are shown in Figure 3.3. The overall workflow 
of the pipeline is described below. In addition of crux toolkit and moFF, pymzML, an extension 
to Python, is used to parse mzML files to extract information such as RT, a critical input parameter 
for moFF to extract apex intensity of XIC. The input files for crux in this pipeline are the mzML 
files and the FASTA database. The typical output from a tandem MS bottom-up proteomics 
experiment are large computer files derived from the collection of MS1 and MS2 spectra. The 
interpretation of these files into peptide/protein identifications and abundance measurements 
requires use of specialized software packages that consider the experimental protocol used, 
instrumentation, operational parameters, etc. [132]. In general, MS formats are divided into: 
Proprietary vendor formats, complex open formats and simple text formats [133].   
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Figure 3.3. Workflow of the pipeline 
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Vendor formats, as the name implies, are file formats developed by the manufacturer of 
the mass spectrometers and they can be single files per run, paired files, and folders with several 
files per run [133]. Stored in them, are lists of thousands of scans that are associated with other 
relevant information such as MS level, type of scan, RT, m/z values, total ion current (TIC), 
number of peaks, etc. One of such file formats are the Thermo Scientific raw files defined by the 
.raw extension, which can be read by the Windows-based XcaliburTM software included with 
Thermo Scientific LC-MS instruments and that is relatively easy to use and allows one to explore 
the raw data interactively. Although .raw files can be used as inputs for certain search engines, 
software that attempts to identify MS/MS spectra based on a list of proteins, [133] these files are 
difficult to read and parse. Open formats encoding important information from a MS run were 
developed to compensate for the limitations of vendor formats. These open formats make data 
more accessible to the scientific community and are readable by freely-available software [2, 3]. 
One such format is mzML (.mzML files), developed under the Human Proteome Organization 
Proteome Standards Initiative (HUPO PSI), and contains all the spectra and associated metadata 
from a MS run encoded in a XML schema. MSConvert, a tool necessary to convert any proprietary 
data format into an open standard format (primarily mzML and mzXML) runs on both Windows 
and Linux. However, its ability to convert many common instrument formats under Linux is 
limited due to the need to have vendor specific libraries (dlls) installed. For command line, in the 
command prompt, type the following command. 
msconvert *.RAW -o my_output_dir  - converts all files matching *.RAW to mzML, output files 
created in my_output_dir.  
Thus, obtained mzML files along with the protein database are supplied to the pipeline as 
shown in Figure 3.3. Different components of this pipeline are explained below. The scripts for 
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the pipeline are available in https://github.com/spoudel77/Shotgun-Proteomics-Data-Analysis-
Pipeline. 
3.2.1 Crux-Pipeline.py  
Crux-Pipeline.py is a Python module that uses various tools to give the output. The tools 
used by this script are shown in Figure 3.3. Briefly, tide-index command is used to preprocess the 
protein database, converting it to a binary format suitable for input to the tide-search command. 
Different options can be used during this process to specify the peptide properties. Some of the 
properties such as --clip-nterm-methionine T|F is set true (T). If set true, each protein that begins 
with methionine, tide-index will put two copies of the leading peptide into the index, with and 
without the N-terminal methionine. This pipeline allows two missed cleavages per peptide during 
enzymatic digestion. The static modification due to iodoacetamide for cysteine alkylation and 
dynamic modification due to methionine oxidation are also considered by this module. The option 
--mods-spec C+57.02146,2M+15.9949 is used for the consideration of these modifications. The 
usage for tide-index is: 
Usage: 
crux tide-index [options] <protein fasta file> <index name> 
Once the index file is generated, the next phase is to actually search for peptides in the 
spectra files (mzML files). This can be achieved by using a tool called Tide. Tide identifies 
peptides from tandem mass spectra. Tide is an independent reimplementation of the SEQUEST, 
which assigns peptides to spectra by comparing the experimental spectra to theoretical spectra 
derived from a database of known proteins (explained in detail in Chapter 2). Peptide identification 
by Tide is dramatically faster than SEQUEST [23]. The pipeline uses various options for tide-
search command. The option --compute-sp T|F is set to True (T). This option helps us to compute 
 63 
the preliminary score Sp for all candidate peptides. This option is normally recommended because 
the pipeline uses Percolator tool, which will use this score. Another option, --concat T|F is also set 
to T, which helps to report target and decoy search results in a single file. Option --precursor-
window <float> is the tolerance used for matching peptides to spectra and --precursor-window-
type mass|mz|ppm is the type of tolerance. The pipeline uses user defined precursor window in 
ppm as the option. The usage for Tide is: 
Usage: 
crux tide-search [options] <tide spectra file>+ <tide database> 
The result generated from tide-search has collections of PSMs, one derived from matching 
observed spectra against target peptides (real) and the other derived from matching the same 
spectra against the decoy peptides. The file containing these PSMs are fed into Percolator. 
Percolator is a semi-supervised algorithm that learns to separate target PSMs from decoy PSMs. 
A machine learning algorithm called support vector machine (SVM) is trained by Percolator to 
separate positive and negative PSMs [111]. It has been shown to improve the rate of confident 
peptide identifications from a collection of tandem mass spectra. Ranked lists of PSMs, peptides 
and proteins are generated as output files. q-values and posterior error probabilities are assigned 
to peptides and proteins to reflect the SVM's confidence in the identifications. However, the 
pipeline uses the peptide and psm reports with a threshold user defined q-value. The usage for 
Percolator is. 
Usage: 
crux percolator [options] <peptide-spectrum matches>+ 
So, Crux-Pipeline.py generates a folder called ConcatPerc which stores a combined tide-
search results (for all mzML files) and Percolator results on combined tide-search output.  
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3.2.2 crux2moff.py  
The output from Crux-Pipeline.py consists of .txt files as the results of PSMs, 
peptide/protein filtering steps and mzML file indexes assigned during the Tide/Percolator pipeline, 
respectively. These files miss some of the key components required for moFF, a tool to extract 
apex intensity using XICs of features. The parameters such as RT, mass, m/z, peptide 
modifications need to be added. These parameters are added using crux2moff.py module. The 
script extracts RT information from mzML files derived from PSM sequences with a specified q-
value threshold from the Percolator outputs. To do this, (1) it builds an index of unique peptides 
from the target.peptide.txt file (“sequence” column), (2) reads through the psms.txt file and 
extracts the scan numbers (“scan”) and mzML file indexes (“file_idx”) assigned during the 
Tide/Percolator pipeline of PSMs that meets the specified Percolator q-value (i.e., <0.01 or 99% 
confidence), (3) these scan numbers and file indexes are then used to search each mzML file to 
finally, (4) extract the required RT information (“scan time” in mzML) and assemble the moFF 
input. This module uses pymzML Python package, a very fast parser of mzML data. Usage for this 
module is: 
Usage:  
python crux2moff.py Path/To/mzML_files threshold_q-value 
3.2.2 moff_input.py  
The next step is to quantify the obtained peptide/PSMs by extracting the apex intensity. 
For this purpose, a tool called moFF is used. moFF is designed to extract peak apex MS1 intensities 
in a XIC chromatogram using a set of identified MS2 peptides [130]. Although this software can 
read Thermo Scientific raw files, its ability to extract data from mzML format files allows it to be 
integrated into scripted pipelines involving up-stream search engines (Tide/Percolator) and down-
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stream post-processing software (i.e., statistical analysis) running in a cluster environment. 
Comparative study of moFF with MaxQuant shows similar or enhanced performance using moFF 
in the number of matched features and extracted MS1 intensities [130]. The moFF uses a list of 
annotated features for each run as the input. The apex module extracts and assigns an intensity 
based on each XIC apex of the identified features, along with quality-control measure [130]. The 
output from crux2moff.py is the input for moff_input.py. This script is a wrapper, that can feed all 
the .txt files obtained for each mzML file and run moFF on them. Figure 3.4 shows the overview 
of the apex intensity module.  
A time window is constructed around the RT of the input peptide, thus resulting in a local 
XIC. The peak apex is traced in this local XIC. The skewness of this peak around the RT of the 
obtained apex point is measured by log_L_R (0 indicates that the peak is centered. Positive or 
negative values are an indicator for respectively right or left skewness). The ratio of peak height 
to noise is provided by the signal-to-noise ratio (SNR) metric. The user needs to define the rt_p, 
rt_w and tolerance in ppm. For a correct RT windows, rt_p value is set slightly greater to the 
dynamic exclusion duration set in the instrument. The parameters are explained below. 
--rt_w - the RT windows for xic (minutes). Default value is 3 min 
--rt_p  - the time windows used to get the apex for the ms2 peptide/feature  (minutes). Default value 
is 1 
--tol - the mass tolerance (ppm) 
Usage: 
python moff_input.py Path/To/mzML_files/ rt_p rt_w 
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Figure 3.4. Overview of the apex intensity module (Figure adapted from [130]) 
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3.2.3 psmToNormalizeFDR.py  
After extracting the apex intensity of XIC, the penultimate script psmToNormalizeFDR.py 
will be used to first generate the maximum intensity files for each mzML file. The maximum 
intensity files obtained for each MudPIT fraction will be summed for the same samples and the 
total intensity will be normalized based on the protein length and thus, create the individual 
experiment with the protein matrix. For 1-D runs, a single maximum intensity file will be generated 
for each sample. The protein matrix consists of quantified protein intensity for a particular 
experiment. For example, if an experimental design consists of four samples, four protein matrices 
will be created. The user can define and filter the minimum number of peptides or spectra, using 
pre-defined FDR, in order to consider a protein as valid. After this, all sample protein reports will 
be concatenated into an entire experiment matrix that consists of normalized apex intensity and 
blanks (if not quantified). Thus, the final normalized output file is produced. The script also 
produced an unnormalized output file in which the protein intensity refers only to summed peptide 
intensity. The main reason to generate the unnormalized summed peptide intensity protein report 
is to provide flexibility to the users to normalize their results the way they want. All the peptide 
and PSM reports are generated to monitor the peptides and PSMs identified in each experiment.  
Usage: 
python psmToNormalizeFDR.py path/to/MOFF_OUTPUT q-value Path/to/mzML_Files pep_cnt 
spec_cnt 
pep_cnt – minimum number of peptides  
spec_cnt – minimum number of PSM   
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3.2.4 peptide_matrix_experiment.py  
The final script peptide_matrix_experiment.py is used to make the final peptide report 
without any filtering at the peptide or spectral level. The unfiltered peptide reports are used as the 
input file. The peptide report includes all peptides measured across all experimental condition and 
the apex intensity associated with each peptide. The user can define how to normalize the peptide 
matrix. The peptide matrix can be helpful to users who likes to create their own protein matrix 
using peptides. This provides freedom in terms of assigning peptides into proteins.  
Usage: 
python peptide_matrix_experiment.py Path/to/mzML_files 
3.2.5 Integrating each module into a pipeline  
All these scripts and modules are integrated into a single bash shell script file. This shell 
script can be run as a single command line which includes all the parameters that would be needed 
for each script to operate individually. The wrapper is named pipeline.sh. All the scripts wrapped 
in pipeline.sh must be kept in the same folder unless paths are clearly given.  
Wrapper 
python $9/ Crux-Pipeline.py $1 $2 $3  
python $9/crux2moff.py $1 $2 
python $9/moff_input.py $1 $4 $5 $6 
python $9/psmToNormalizeFDR.py $1/MOFF_OUTPUT $2 $1 $7 $8 
python $9/peptide_matrix_experiment.py $1 
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Usage: 
./pipeline.sh folder1 q-value folder2 rt_p rt_w tol pep_cnt spec_cnt folder3  
Folder1 – path to directory that contains mzML files 
q-value – threshold q-value for the peptides 
folder2 – path to crux 
rt_p - the time windows used to get the apex for the ms2 peptide/feature   
rt_w - the time windows used to get the apex for the ms2 peptide/feature 
tol – mass tolerance in ppm 
pep_cnt – minimum number of peptides 
spec_cnt – minimum number of PSM 
3.3 Implementation of pipeline in ORNL server 
To handle large MS datasets, this pipeline has been successfully installed in The Compute 
and Data Environment for Science (CADES). CADES offers computational resources along with 
consulting services in support of computationally intensive research. With high-throughput 
proteomics, the need for computing, data analytics, data storage, or networking is beyond a single 
PC. Researchers can process, manage, and analyze large amounts of data by leveraging CADES 
HPC resources, including scalable storage, data analysis, and visualization tools. With minimal 
guidance, setting up the pipeline in the CADES server was easy and it is now used daily for 
proteomics data analysis.  
The working environment was created using conda. Conda can be obtained by installing 
Anaconda or miniconda, preferably miniconda that includes conda and its dependencies. Check 
https://conda.io/docs/user-guide/index.html for complete conda guidelines. A .yml file was created 
that consists of all the required packages for the pipeline. Alternatively, all packages can be 
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installed by using conda. All the tools and packages can be installed in the environment that is 
created with CADES or any other server. To run a job on the HPC cluster, a Portable Batch System 
(PBS) file is required. This PBS file defines the commands and cluster resources needed for this 
job. Once the file is written and made executable, HPC compute nodes can be used to 
execute/submit the job using the qsub command. A PBS jobfile called pipeline.sh was created. The 
content of the file is shown below.  
#!/bin/bash 
#PBS -V 
### Set the job name 
#PBS -N newjob 
### Email for messaging 
#PBS -M xxx@xxxx.xxx 
### Node Spec, number of nodes and processors per node 
### Tell PBS the anticipated run-time for your job, where walltime=HH:MM:S 
#PBS -l walltime=1:00:0:0 
#PBS -l qos=std 
#PBS -A bsd 
#PBS -W group_list=cades-bsd 
### Base queueing stuff 
### Switch to the working directory 
cd $PBS_O_WORKDIR 
pwd 
# Calculate the number of processors allocated to this run. 
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NPROCS=`wc -l < $PBS_NODEFILE` 
# Calculate the number of nodes allocated. 
NNODES=`uniq $PBS_NODEFILE | wc -l` 
### Display the job context 
 
module purge 
module load python/2.7.12 
module load gcc/5.3.0 
module load anaconda2 
source activate environment 
 
python $9/ Crux-Pipeline.py $1 $2 $3  
python $9/crux2moff.py $1 $2 
python $9/moff_input.py $1 $4 $5 $6 
python $9/psmToNormalizeFDR.py $1/MOFF_OUTPUT $2 $1 $7 $8 
python $9/peptide_matrix_experiment.py $1 
To submit this job to the cluster following one-line command is used. 
qsub -l nodes=1:ppn=32 -F “folder1 q-value folder2 rt_p rt_w tol pep_cnt spec_cnt folder3 " 
pipeline.sh 
3.4 Examples of successful use of the pipeline 
The pipeline has been successfully used in different kinds of samples with different level 
of complexity. The pipeline is used in Chapter 6 and 7 in this dissertation, but beyond this, the 
pipeline has been used in proteome analysis of plant, preterm infants (metaproteomics), and 
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bacterial isolates. The pipeline was able to completely analyze more than 200 mzML files (1.5 
Terabytes of data) at one instance within 2 days in CADES server. The pipeline can be easily 
updated by adding the most recent build of Crux. Without changing the script, one can easily install 
the latest version of tools, which will update the pipeline.  
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CHAPTER 4 
Integrated omics analyses reveals the details of metabolic adaptation 
of Clostridium thermocellum to lignocellulose-derived growth 
inhibitors released during the deconstruction of switchgrass. 
Text and figures were adapted from:  
Poudel, S., Giannone, R.J., Rodriguez, M., Raman, B., Martin, M.Z., Engle, N.L., Mielenz, J.R., 
Nookaew, I., Brown, S.D., Tschaplinski, T.J., Ussery, D and Hettich, R.L.,  2017. Integrated omics 
analyses reveal the details of metabolic adaptation of Clostridium thermocellum to lignocellulose-
derived growth inhibitors released during the deconstruction of switchgrass. Biotechnology for 
biofuels, 10(1), p.14.  
Suresh Poudel contributions included: Data analysis and manuscript writing and revision  
4.1 Introduction  
Switchgrass is a perennial, warm-season, C4 grass that is one of the dominant grasses in 
North America. It is a promising second-generation bioenergy feedstock due, in part, to its 
hardiness, high yields, low fertilizer requirements and drought tolerance, and, thus, it has the 
potential to augment or replace existing starch-based processes for biofuel production [134]. 
Compared to first-generation biofuels, where added enzymes are used to deconstruct corn starch 
to dextrose for fermentation to ethanol by yeast, second-generation biofuels target the vast energy 
reserves stored in plant cell walls. Unlike starch, plant cell walls are generally difficult to 
deconstruct, since they consist of large, intertwined, recalcitrant biopolymers of C5 sugars 
(hemicellulose), C6 sugars (cellulose), and lignin [7, 9]. Accessing this reservoir of chemical 
energy requires the concerted action of multiple enzymes with diverse catalytic activities [11] – a 
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bioengineering feat inherent to various cellulolytic microorganisms capable of solubilizing and 
ultimately consuming naturally abundant cell wall polysaccharides [12].  
Clostridium thermocellum is an industrially-relevant, cellulolytic microbe that efficiently 
deconstructs lignocellulosic biomass into sugars, which are fermented into ethanol and other 
products.  As an anaerobic thermophile, this Gram-positive bacterium can be found in natural 
environments where cellulose degradation actively occurs (for example compost piles). It produces 
large extracellular enzyme complexes called cellulosomes that are predominantly tethered to the 
cell surface but can exist as free entities, enabling the efficient solubilization and deconstruction 
of lignocellulose to simpler sugars [135, 136]. Paired with the organism’s innate ability to ferment 
sugar to ethanol, the presence of cellulosomes makes C. thermocellum an ideal candidate for 
consolidated bioprocessing (CBP), a “one-pot” industrial process whereby lignocellulosic biomass 
is converted directly into biofuel [137].  
The cellulosome, replete with feedstock-optimized carbohydrate active enzymes 
(CAZymes) [138], directs the conversion of cellulose to small, importable cellodextrins [139]. 
Intracellularly, these cellodextrins are further broken down into cellobiose and finally glucose, 
which is ultimately utilized by the organism to generate energy via fermentation to ethanol, acetic 
acid, lactic acid, hydrogen and/or carbon dioxide [139]. From a bioethanol perspective, the 
generation of lactate, formate and acetate remain undesirable as these competing metabolic 
pathways divert carbon flux away from ethanol and create a less hospitable environment when the 
organism is confined to culture/industrial fermentors. Though recent efforts to maximize ethanol 
yield in C. thermocellum by knocking out competing pathways has substantially increased the titer 
of ethanol produced, [44] much of the work to date focused on optimizing cellulose conversion to 
ethanol with model substrates, such as cellobiose, filter paper, and/or Avicel [49-51, 140]. Thus, 
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studies examining bacterial growth on more complex, recalcitrant, lignocellulosic material are 
essential, especially as the deconstruction of natural biomass is known to generate numerous 
antimicrobial and/or phenolic inhibitors that could ultimately impede the industrial process [55, 
56]. 
There are few studies to date investigating C. thermocellum’s systematic response to 
growth on bioenergy-relevant, lignocellulosic biomass such as pretreated switchgrass and/or 
Populus [141, 142]. These studies provided important clues as to how C. thermocellum 
deconstructs lignocellulosic biomass, but focused solely on gene expression and did not examine 
growth-dependent protein machinery nor the accumulation of important metabolites that could 
better inform the highly coordinated enzymatic process. To this end, a more holistic, systems 
biology view of the deconstruction and conversion of switchgrass to ethanol by C. thermocellum 
over the course of batch fermentation is formulated. By integrating data obtained from three omic 
platforms – LC-MS/MS based shotgun proteomics, microarray-based transcription profiling, and 
GC-MS-based metabolomics – mechanisms by which C. thermocellum adapts to the adverse 
environment created during lignocellulosic deconstruction, namely the release of switchgrass-
derived compounds inhibitory towards growth are detailed.  
To our knowledge, this is the first integrated omics interrogation of C. thermocellum’s 
deconstruction of a bioenergy-relevant feedstock. As the organism converts released sugars to a 
myriad of products, it must avoid and/or ameliorate the effects of both product-inhibition and 
biomass-derived cytotoxic metabolites. This information will be vitally important to metabolic 
engineering efforts that aim to enhance the industrial viability of bioethanol and other specialty 
biofuels/bioproducts.  
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4.2 Materials and Methods  
4.2.1 Cultivation and sampling  
Inoculum and triplicate fermentations of C. thermocellum ATCC 27405 were performed 
in 5-L Twin BIOSTAT® B fermenters (Sartorius Stedim North America, Bohemia, NY), as 
previously described, except that all vessels contained 10 g/L (dry weight basis) dilute-acid 
pretreated switchgrass as the main substrate [141]. Switchgrass from four year-old plants was 
pretreated with dilute sulfuric acid at the National Renewable Energy Laboratory (NREL, Golden, 
Colorado, USA), as previously described [141], washed several times with deionized water to 
remove soluble sugars, and dried at (45ºC). MTC media was sparged overnight with nitrogen 
before inoculation (10% v/v inoculum) to a final volume of 4 liters and the growth temperature 
was maintained at 58◦C [143]. The pH was controlled at 7.0 in the fermenters with 3N NaOH.  The 
main triplicate fermentations were inoculated from a pH controlled seed fermenter culture, which 
was grown for 125 h and contained switchgrass as the substrate. The seed vessel was inoculated 
from exponential growth stage cells cultured overnight in serum bottles with MTC media and 
Avicel PH-105 (FMC BioPolymer, Newark, DE, USA) as the carbon source. Base addition plots 
were used as a guide to determine the growth stage of the cells in the fermenters. Fermentation 
products and residual carbohydrates were analyzed from samples taken throughout the 
fermentations, as previously described [141]. Samples were collected for metabolomics and 
proteomics at 19, 43, 91, and 187 h post-inoculation. Samples for transcriptomics were collected 
at 19 and 43 h.  
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4.2.2 Metabolomic measurements 
C. thermocellum switchgrass fermentation samples were measured at 19 h, 43 h, 91 h, and 
187 h, as matched for proteomic samples.  Frozen cell pellets containing both microbe and plant 
material were weighed into 50 ml centrifuge tubes containing 10 ml of 80% ethanol, and 50 µl 
sorbitol (0.01000 g/ml) added as an internal standard.  Samples were sonicated for 5 min (30 s on, 
30 s off with an amplitude of 30%) and kept on ice. Samples were then centrifuged at 4500 rpm 
for 20 min, and the supernatant was decanted into scintillation vials and stored at -20 ºC. One 
milliliter per sample was dried down, dissolved in 0.5 ml acetonitrile, and silylated to generate 
trimethylsilyl derivatives, as described elsewhere [144]. After 2 days, 1µl aliquots were injected 
into an Agilent 5975C inert XL gas chromatograph-mass spectrometer (GC-MS). The standard 
quadrupole GC-MS was operated in the electron impact (70 eV) ionization mode, targeting 2.5 
full-spectrum (50-650 Da) scans per second, as described previously [144].  Metabolite peaks were 
extracted using a key selected ion, characteristic m/z fragment, rather than the total ion 
chromatogram, to minimize integrating co-eluting metabolites.  The extracted peaks of known 
metabolites were scaled back up to the total ion current using predetermined scaling factors.  Peaks 
were quantified by area integration and the concentrations normalized to the quantity of the internal 
standard recovered, amount of sample extracted, derivatized, and injected.  A large user-created 
database was used to identify the metabolites of interest to be quantified.  The database consisted 
of ~2300 spectra, of mass spectral electron impact ionization (EI) fragmentation patterns of TMS-
derivatized compounds, as well as the Wiley Registry 10th Edition combined with NIST 2014 
mass spectral library. There were three replicates per sampling time point.  Metabolite data were 
expressed as fold change relative to the 43 h sampling time point with significant differences 
 78 
determined with Student’s t-tests.  Significant differences in fold change between sampling time 
points were also assessed with Student’s t-tests. 
4.2.3 Proteomic measurements    
50 ml fermentation samples were centrifuged at 8000 rpm for 20 min in a Sorvall Legend 
RT centrifuge (ThermoScientific, Waltham, MA USA), and the supernatant was decanted, leaving 
a 5 ml pellet comprised of SWG biomass, C. thermocellum, and substrate-bound cellulosomes, all 
of which were flash frozen in liquid nitrogen. The composite pellet was resuspended in 6 M 
guanidine-HCl, 10 mM DTT, pH 8.0 and cells were then lysed by sonic disruption (Branson 
Ultrasonics Corp., Danbury, CT, USA). The resulting crude lysates were incubated at 60˚C for 1 
hour.  Denatured and reduced protein samples were then diluted to 1 M guanidine-HCl with 50 
mM Tris-HCl, pH 8.0 and digested with two sequential aliquots of sequencing-grade trypsin 
(Promega Corp., Madison, WI, USA) at a 1:100 enzyme:protein ratio (w/w), initially overnight 
and then followed by 4 h. Following digestion, each sample was desalted and solvent exchanged 
to acidified water (0.1% formic acid) via Sep-Pak (Waters, Milford, MA, USA) as previously 
described [145]. Resulting peptide concentrations were measured using the BCA protein assay kit. 
Aliquots of 100 micrograms of proteolytic peptides were bomb-loaded onto a biphasic 
MudPIT back column as previously described [146, 147]. Loaded peptides were then placed in-
line with an in-house pulled, reverse-phase packed nanospray emitter and analyzed by a 12-step 
MudPIT over the course of 24 h, with each step consisting of a salt-pulse of increasing 
concentration of ammonium acetate (up to 500 mM), each followed by a 2 h reverse phase gradient 
from solvent A (95% water, 5% acetonitrile, 0.1% formic acid) to 50% solvent B (30% water, 70% 
acetonitrile, 0.1% formic acid). LC-resolved peptides were analyzed in real-time by an LTQ-XL 
mass spectrometer (ThermoFisher Scientific, Grand Island, NY, USA) operating in a data-
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dependent fashion as previously described [59, 145]. A total of two replicate measurements were 
obtained for each of three biological replicates per time point for a total of 24 LC-MS/MS 
measurements.   
Acquired MS/MS spectra were assigned to specific peptide sequences using 
SEQUEST[148] with a FASTA proteome database consisting of the C. thermocellum 27405 
genome (version CP000568.1  GI:125712750) [141] concatenated with common contaminants as 
well as reversed decoy sequences to assess protein-level false discovery rates. SEQUEST-scored 
peptide sequence data were filtered and assembled into protein loci using DTASelect [149] with 
the following conservative criteria: XCorr: +1 = 1.8, +2 = 2.5, +3 = 3.5, DeltCN 0.08, and 2 
peptides per protein identification with at least one required to be unique. Prior to semi-quantitative 
analysis, spectral counts were rebalanced to properly distribute non-unique/shared peptides 
between their potential parent proteins, as previously described [150] and raw SpC values were 
converted to Normalized Spectral Abundance Factors (NSAF) [37] to assess quantitative 
differences between time points.  The normalized counts of individual proteins were statistically 
evaluated across different time point of growth using p-values derived from one-way ANOVA. 
Proteins with p-values < 0.05 were used for further clustering analysis. C-mean clustering of the 
proteins through Mfuzz[151] package was performed to identify common temporal responses. 
Functional enrichment (COG, KEGG, GO) of individual cluster were performed using Fisher’s 
exact test through PIANO[152] package to generate a functional subnetwork of functional terms 
based on overlap members using a p-value < 0.01 in Cytoscape version 3.2.1. C. thermocellum 
metabolic pathways information were obtained from the KEGG pathway database [74]. 
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4.2.4 Transcriptome measurements   
RNA was isolated using the TRIzol reagent (Invitrogen, Carlsbad, CA) with bead-beating 
and purified using the Qiagen RNeasy Mini kit in accordance with the instructions from the 
manufacturer and included a column based Qiagen DNase treatment [141]. Total cellular RNA 
was quantified with a NanoDrop ND-1000 spectrophotometer (NanoDrop Technologies, DE) and 
RNA quality was assessed with Agilent Bioanalyzer (Agilent Technologies Inc. CA). Template 
cDNA preparation, sample labeling with Cy3-dye, and DNA microarray hybridizations were 
conducted following the NimbleGen protocols and as described previously [141], except that high 
density Nimblegen tiling arrays were used in this study. Microarray data and platform details have 
been deposited in the NCBI Gene Expression Omnibus (GEO) database under accession number 
GSE26926, with data used in this study having accession numbers GSM663002-GSM663007.  
Transcriptomics data underwent LOESS normalization and a Student’s t- test was conducted to 
compare data from the two time points. The up-regulated and down-regulated genes were 
determined by using a threshold of 2X fold change and a p-value < 0.05.  
The CMG-Biotools package [153] was used to create a genome atlas of C. thermocellum 
ATCC 27405.  This genome atlas is a circular plot that contains DNA structural information 
mapped along the chromosome (percent AT and GC skew, DNA repeats, stacking energy, intrinsic 
curvature and position preference) [154, 155]. The DNA sequence was read and an output file was 
created that generated numerical number ‘position preference’ that corresponds to each nucleotide 
in the genome [153]. The ‘position preference’ measure of the chromosomal DNA sequence was 
used to predict highly expressed regions in the DNA, as described previously [156]. Briefly, using 
a file with the numerical value (position preference) generated for each tri-nucleotide along the 
chromosome, a file was generated, with an average value at each position reflecting a 7.6 kbp 
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window.  Regions of at least 7.6 kbp (genome length * 0.002)[153], with more than 2 standard 
deviations less than the chromosomal average were extracted. Genes within these regions had the 
lowest position preference value (< 2 SD) from the average value and thus were termed as 
‘predicted highly expressed genes’. The transcriptome and proteome information were mapped to 
the chromosome, and given an intensity related to abundance (log2 NSAF), and the lanes were 
added to the blast atlas.  
4.3 Results and Discussion  
4.3.1 Microbial growth characteristics on switchgrass 
Acetic acid and ethanol were the major fermentation products for wild-type C. 
thermocellum grown on pretreated switchgrass (Figure 4.1).  C. thermocellum derives ATP 
coupled with the production of acetic acid and ethanol. Thus, both are indicative of metabolic 
activity and cell growth. However, acetic acid can also be generated through deacetylation of 
hemicellulose [157] and thus the relative contributions from the pretreated biomass or bacteria 
cannot be easily differentiated in this study. Ethanol production, however, is exclusive to C. 
thermocellum and therefore a more specific indicator of microbial growth, especially given the 
complex culture conditions. The trends for acetic acid and ethanol were similar until 120 h post-
inoculation. Though its concentration was found to be 0.6 g/L after 139 h of microbial growth, 
ethanol stopped accumulating after 120 h. Acetic acid increased from ≤ 0.075 g/L at time zero to 
~0.7 g/L after 187 h and it continued to slowly accumulate throughout the experiment, consistent 
with other studies [157]. The time-points of 19 h and 43 h represent early and late exponential 
growth phase, respectively, and the cultures began to transition into stationary phase around 100 
h post-inoculation.  Earlier fermentations with this wild-type strain and substrate produced 0.5 g/L 
and 0.2 g/L of acetic acid and ethanol, respectively, after 37 h [141]. As final ethanol and acetic  
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Figure 4.1. Concentration (g/L) of acetic acid and ethanol (data reported as the average from 
triplicate fermentations on pretreated switchgrass).  Arrows indicate the sampling points used for 
mass spectrometry (MS), metabolomics (Mtbl) and microarray (MA). 
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acid concentrations are low, the observed metabolic adaptations described below are likely in 
response to the chronic accumulation of other switchgrass-derived cytotoxic compounds that 
impact overall organismal growth.   
4.3.2 Metabolomic analysis indicates accumulation of key metabolites that may be inhibitory 
to C. thermocellum growth on lignocellulosic biomass  
Metabolomic analysis provided the basis for a broad analysis of metabolites resulting from 
C. thermocellum’s deconstruction of / growth on complex lignocellulosic biomass, and revealed 
the accumulation of metabolites derived from hemicellulose, including xylobiose, xylose, xylitol, 
arabinose, and arabitol. Though dilute-acid pretreatment is expected to hydrolyze much of the 
hemicellulose, especially xylan polymers [158] metabolomic identification of depolymerized 
xylan products suggests that a measurable portion remains even after extensive washing. This is 
substantiated by the continued accumulation of metabolites such as xylose and xylobiose over time 
which are indicative of continued enzymatic hydrolysis. Metabolite responses are presented as the 
ratios of metabolite concentration at different time points (43 h, 91 h and 197 h) relative to 19 h, 
the first sampling point. Of these metabolites, xylitol exhibited the largest accumulation (~ 9-fold) 
as the culture reached stationary phase.  Other 5-carbon sugar alcohols, such as arabitol and ribitol, 
and phenolic acids derived from lignin, including caffeic acid, ferulic acid and p-coumaric acid 
also accumulated. A previous study looking at lignocellulosic hydrosylates have found that many 
of the hemicellulose and lignin-derived components are inhibitory towards microbial growth 
[159].  Thus one must consider these cytotoxic compounds when Sugar alcohols, such as arabitol, 
have been found to be inhibitory to other microbes, such as T. saccharolyticum [160]  and thus 
warrant further consideration in studies optimizing for growth  of C. thermocellum on switchgrass 
and other complex biomass substrates, especially considering the industrial production of ethanol 
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and/or other specialty fuels/products. This is especially pertinent as wild-type C. thermocellum 
strains do not utilize hemicellulose-derived sugars. 
In addition to biomass-derived metabolites, microbial-based fatty acid synthesis was 
evident throughout the course of the experiment. Isopalmitic acid (C16), isostearic acid (C18) and 
palmityl palmitic acid (C32) increased by ~15-fold by stationary phase. Other odd-carbon fatty 
acids, such as hentriancontanoic acid (C31H62O2), nonacosanoic acid (C29H58O2), heptacosanoic 
acid (C27H54O), and the methyl-branched iso-heptadecanoic acid (iso-C17H34O2), exhibited similar 
accumulation patterns, the latter of which increased by almost 21-fold. Since these are higher-
order and have odd numbers of carbon atoms, they are likely of microbial origin [161]. The 
accumulation of these long chain, saturated fatty acids, and unique branched fatty acids, indicates 
cell membrane restructuring to better tolerate increased concentrations of lignocellulose-derived 
inhibitors that affect membrane fluidity [162-164].  
These data indicate that the growth of C. thermocellum on switchgrass is a complicated 
process whereby plant-derived glucans, which are not limiting here, fuel microbial growth and 
further drive biomass deconstruction, invariably leading to the accumulation of inhibitory 
metabolites that negatively impact microbial metabolism. Without the active 
removal/bioconversion of these inhibitory compounds and/or increased tolerance, the potential 
application of this cellulolytic organism for effective biofuel production will be limited, especially 
considering the planned industrial use of complex lignocellulosic substrates like switchgrass. 
Fortunately, studies have shown that it is possible to generate C. thermocellum strains with 
improved tolerance to complex lignocellulosic substrates, such as Populus hydrolysates [165].  
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4.3.3 Proteomic and transcriptomic analyses reveal details of switchgrass-induced gene 
regulation  
We extended our analyses to examine gene expression as it relates to the temporal 
dynamics of the proteome to better understand how C. thermocellum metabolism changes during 
growth and deconstructive/fermentative inhibition on switchgrass. Overall, 1551 unique proteins 
were identified in this study, representing ~50% of the predicted proteins listed in the C. 
thermocellum 27405 genome (Table 4.1), in accord with other proteome measurements of C. 
thermocellum grown on Avicel or cellobiose [49, 166]. This provided reasonable coverage of key 
C. thermocellum systems and allowed for detailed quantitative comparisons across the distinct 
lag/early exponential, late exponential and stationary growth phases to identify major proteins and 
pathways involved both the bioconversion of cellodextrins to energy and ethanol as well as the 
organism’s response to lignocellulosic metabolites released over the course of switchgrass 
deconstruction.   
From a metabolic engineering standpoint, understanding the relationship between gene 
transcription (mRNA) and translation (protein) is valuable [167]. With regard to gene expression, 
transcriptomic measurements revealed 435 genes with varied expression (p < 0.05; fold-change > 
or < 2.0). Among these differentially expressed genes, 38 were significantly up-regulated, while 
397 were significantly down-regulated between the time points 19 h and 43 h. From the DNA 
sequence of a complete chromosome, it is possible to predict regions that are likely to contain 
genes that can be highly expressed, based on chromatin accessibility [155, 168]. Analysis of the 
C. thermocellum ATCC 27405 genome revealed 29 such regions along the chromosome, as 
indicated by dark green in the ‘position preference’ lane in Figure 4.2. In total, 84 genes were 
identified, located in these regions that are less likely to be condensed by chromatin proteins, and  
 86 
Table 4.1. Global proteomic metrics 
Type Detected Proteins Known Proteins Missing 
Ribosomal 51 (small 21, large 32) 53* 2 (S23, L34) 
ATP synthase 12 14* 2 (F0 sector subunit a, F1 sector epsilon subunit ) 
Extracellular 170 ~300 ~40% 
Cellulosomal 59 80+ 20+ 
Total 1551 3107* ~50% 
 
* Data obtained from UniProtKB 
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Figure 4.2. Genome atlas showing predicted highly expressed genes based on position preference 
(PP), log2(NSAF) and log2(Intensity) of microarray at time points 19 h and 43 h. The innermost 
circle with bases position is the circular genome. Inner circular lane shows the position preference 
measure. The next two lanes represent mass spectrometry results (inner lanes) and microarray 
results (outer lanes) for time point 19 h and 43 h. Regions A-F are marked in the Figure. 
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thus should be highly expressed under the appropriate conditions. Among these 84 genes, 58 
(~68%) proteins expressed from these genes were detected by mass spectrometry. The information 
is a useful resource for others looking to identify promoter sequences, open and silent regions of 
the genome for targeted genetics / metabolic engineering, and importantly, identification of novel 
metabolic features important for growth on industrially relevant substrates.     
In general, a small proportion of the C. thermocellum genome shows consistent abundance 
of both transcripts and their expressed proteins, as indicated by the red/green darkly shaded regions 
in the outer circles.  There are six regions along the chromosome (marked A-F in Figure 2) that 
contain the top set of expressed genes and their abundant proteins (35 proteins). Region B encodes 
CelK (Cthe_0412) and CbhA (Cthe_0413), which belong to glycoside hydrolase (GH) family 9 
and are both involved in polysaccharide catabolic processing. Region F encodes CipA 
(Cthe_3077), OlpB (Cthe_3078) and cell surface glycoprotein 2 (Orf2p; Cthe_3079), which are 
essential, non-catalytic cellulosome anchoring proteins. Regions A, C, D and E encode various 
protein products, including NADH dehydrogenase, ferredoxin, S-layer homology domain, 
ribosomal proteins, DNA- directed RNA-polymerase beta subunit, and adenylate kinases [168]. 
These regions are likely highly expressed under most growth conditions, but are regulated under 
non-favorable conditions. This is exemplified by regions predicted to be highly expressed, but 
rather were detected at lower abundance (protein) or expression (mRNA) via mass spectrometry 
or microarray, respectively. These may be growth condition dependent factors that are not 
employed for switchgrass solubilization or other metabolic features that require rapid response 
and/or accumulation.     
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4.3.4 Clustering of protein abundance highlights major temporal trend patterns and their 
overall functional signatures 
Using the proteome data for relative quantitation, the temporal abundance patterns of 
proteins during microbial growth on switchgrass are investigated.  One-way ANOVA revealed 
566 proteins that were significantly time-dependent (p-value < 0.05), with each falling into one of 
four clusters based on the similarities between their temporal abundance profiles (see Figure 4.3). 
Proteins belonging to cluster 1 show a gradual decrease until late exponential phase (91 h), 
followed by a sharp decrease in protein abundance towards the late stationary phase. Cluster 2 
represents proteins that gradually decrease in abundance throughout the entire fermentation 
process. Cluster 3 represents proteins that generally increase over time, and cluster 4 represents 
proteins that are growth phase-dependent, i.e. those that remain relatively unchanged between 
exponential phase time points (19 h and 48 h) with a sharp increase at early-log (91 h) followed 
by an almost negligible increase towards the end of culture (187 h).  
In order to examine differential protein expression at a broad functional level, proteins 
within each cluster were further classified based on their COG classification, KEGG pathways, 
and GO categories. Functional enrichment (Fisher’s exact test) was performed on all known 
annotations to identify statistically significant (p < 0.01) under- or over-represented functional 
categories.  Cluster 1 is comprised primarily of ribosomal proteins, translation-related proteins, 
and proteins involved in ribosome biogenesis– processes related to overall microbial growth. Thus, 
the precipitous fall in abundance toward late stationary would be expected due to overall cessation 
of growth and metabolic activity. Cluster 2 contains some ribosome-related proteins, proteins 
involved in 2-oxocarboxylic acid metabolism, biosynthesis of amino acids (valine, leucine and 
isoleucine), glycolysis, and TCA cycle. Functional enrichment of cluster 3 shows evidence for  
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Figure 4.3. Temporal expression-based clustering of proteins differentially expressed during 
switchgrass fermentation. X-axis (Time Points) and Y-axis (log2(Exp-Rowmeans) and Network 
of clusters 1, 2, 3 and 4 respectively. A cut-off P-value < 0.01 was used to build the network. 
Each node shows an enriched GO, KEGG or COG functional category. The node color and size 
represents the P-value and number of members for each node respectively. Darker red color 
represents lower P-value.  The node size grows proportionally with the number of members 
assigned to a particular function. The predominant functional members of Network 1 represent 
ribosomes, Network 2 represents central carbon metabolism and ribosomal constituents, Network 
3 represents carbohydrate transport and beta xylanase activity and Network 4 represents bacterial 
secretion system, ATP binding and cytoplasm
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endo-1,4-beta-xylanase activity, carbohydrate transport and metabolism and polysaccharide 
catabolic processes, while cluster 4 represents cellulose catabolism, post-translational 
modification, cell division, S-layer, bacterial secretion system, ATP binding, protein export and 
intracellular trafficking and secretion. The predominant members of cluster 3 and cluster 4, which 
both generally show increased protein abundance over time, are cellulosomal proteins, which will 
be discussed in detail below. 
4.3.5 Cellulosomal and other carbohydrate active enzymes initiate cellulose deconstruction 
and solubilization 
The first step towards switchgrass utilization by C. thermocellum involves solubilization 
of the complex lignocellulosic material by the organism’s cellulosome, and to a lesser extent its 
free enzyme systems [169]. Cellulosomes are large, extracellular protein complexes, comprised of 
a multitude of enzymes tethered to the cell surface through scaffold-like anchoring proteins [139]. 
Overall, cellulosomal proteins exhibited increased abundance over time, with 30 of 32 
significantly changing cellulosome components belonging to clusters 3 or 4 (Table 4.2).  
Four structural proteins called scaffoldins (CipA, OlpB, Orf2p and OlpA) were among the 
most abundant of all detected cellulosomal proteins, and were exclusive to cluster 4, which is 
consistent with other studies [11]. Interestingly, two other scaffoldins, SbdA and OlpC, decreased 
significantly with time (cluster 2). Aside from CipA, the main enzymatic scaffold of the 
cellulosome, the above listed proteins are cell surface-associated and thus involved in anchoring 
cellulosomal components to C. thermocellum. OlpA and OlpC essentially bind one catalytic 
enzyme each, while the other three bind CipA. CipA itself contains 9 type I cohesion domains that 
are populated by a myriad of interchangeable, catalytic, CAZymes. SdbA, Orf2p, and OlpB bind 
1, 2, or 7 CipA scaffolds respectively, leading to multiplicative increases in the number of catalytic  
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Table 4.2. Cellulosomal and non-cellulosomal carbohydrate active enzymes showing 
significant temporal dynamics 
Locus tag 
Protein 
name Protein Function 19 h 43 h 91 h 187 h 
p-value 
(< 0.05) 
Clu
ster 
Non-catalytic cellulosomal proteins       
Cthe_3079 Orf2p cellulosome anchoring protein, cohesin region 5.18 5.57 6.46 6.99 2.27E-05 C4 
Cthe_0452 OlpC cellulosome anchoring protein, cohesin region 2.32 -1.06 -0.76 -0.58 1.41E-04 C2 
Cthe_3077 CipA cellulosome anchoring protein, cohesin region 9.61 9.81 10.14 10.6 5.32E-04 C4 
Cthe_3080 OlpA cellulosome anchoring protein, cohesin region 5.73 6.51 7.17 7.44 4.01E-03 C4 
Cthe_1307 SdbA cellulosome anchoring protein, cohesin region 4.92 4.06 4.08 3.84 8.68E-03 C2 
Cthe_3078 OlpB cellulosome anchoring protein, cohesin region 7.4 7.66 8.17 8.02 1.24E-02 C4 
Cellulosomal cellulase genes       
Cthe_0044 CseP cellulosome enzyme, dockerin type I -1.94 -2.12 0.12 2.68 4.69E-04 C3 
Cthe_2972 XynA GH, family 11 3.96 4.44 5.74 6.71 4.86E-04 C3 
Cthe_0912 XynY GH, family 10 -1.36 -3.06 0.54 1.98 5.88E-04 C3 
Cthe_3132 Cthe_3
132 
cellulosome enzyme, dockerin type I -1.56 0.49 1.92 2.88 6.80E-04 C3 
Cthe_1963 XynZ GH, family 10 2.39 2.63 3.75 4.73 9.20E-04 C3 
Cthe_2147 CelO GH, family 5 -2.25 -2.4 0.81 1.54 2.05E-03 C3 
Cthe_0239 Cthe_0
239 
cellulosome enzyme, dockerin type I 1.43 1.82 2.7 3.56 2.10E-03 C3 
Cthe_0745 CelW GH, family 9 0.23 1.11 2.14 2.16 2.47E-03 C3 
Cthe_1472 CelH Carbohydrate binding family 11 -0.69 -2.18 0.23 1.32 3.22E-03 C3 
Cthe_0797 CelE GH, family 5 2.46 2.4 3.05 3.91 9.96E-03 C4 
Cthe_2590 XynD GH, family 10 -0.6 -0.27 1.7 2.65 1.06E-02 C3 
Cthe_3141 Cthe_3
141 
lipolytic enzyme, G-D-S-L 0.14 -0.36 1.96 2.58 1.12E-02 C3 
Cthe_0433 Cthe_0
433 
GH, family 9 2.41 1.08 2.63 3.49 1.41E-02 C4 
Cthe_0043 CelN GH, family 9 1.37 1.64 2.35 2.91 1.55E-02 C4 
Cthe_1806 Cthe_1
806 
cellulosome enzyme, dockerin type I 1.55 1.1 2.22 2.8 1.81E-02 C4 
Cthe_0625 CelQ GH, family 9 2.5 1.46 2.29 2.43 1.93E-02 C4 
Cthe_0274 CelP GH, family 9 1.59 1.88 2.68 3.11 2.68E-02 C3 
Cthe_0190 Cthe_0
190 
proteinase inhibitor I4, serpin 1.47 2.05 3.57 4.36 3.15E-02 C3 
Cthe_0258 Doc258 cellulosome enzyme, dockerin type I 2.58 2.29 3.52 3.82 3.92E-02 C4 
Free enzyme system        
Cthe_2809 LicA GH, family 16 3.53 4.03 4.9 5.32 8.76E-04 C4 
Cthe_1471 Cthe_1
471 
GH, family 5 -2 -0.29 -0.94 1.31 1.45E-02 C3 
Cthe_1256 bglB GH, family 3-like protein 1.5 3.17 2.46 2.17 2.11E-02 C4 
Cthe_3063 Cthe_3
063 
Acetyl xylan esterase -1.18 -1.36 -1.09 0.71 2.63E-02 C4 
Cthe_2989 Cdp glycosyltransferase 36 2.95 3.61 3.42 3.29 3.87E-02 C4 
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enzymes decorating C. thermocellum (i.e. 9, 18, or 63 catalytic enzymes, respectively) [136]. Of 
the three, only SdbA (1 CipA, 9 enzymes) decreases over time, indicating the decreased 
importance of this cell surface associate protein as the culture progresses. This is especially 
relevant as the other two can be “loaded” with relatively more catalytic enzyme, suggesting 
enhanced rates of local cellulose hydrolysis may be required as the culture progresses, perhaps as 
C. thermocellum begins to colonize the solid switchgrass substrate.  
Amongst the 19 catalytic cellulosomal proteins in cluster 3 and 4, CelS, CelK, CtMan5A 
and CbhA were found to be most abundant and all classified under cluster 4. These enzymes 
provide a mixture of endo- and exo-glucanase activities to effectively access and process cellulose 
to smaller cellodextrins that can be imported and fermented [139, 170], and have been observed 
previously  for cells using pure/semi-pure cellulose as the substrate [11, 57]. With regard to 
switchgrass-derived hemicellulose, the major constituent is xylan: a polymer of the C5 sugar 
xylose/arabinose. It is thus of interest to monitor the level of expressed xylanases over time. This 
is particularly relevant to industrial processes that would employ C. thermocellum, since the wild-
type organism is unable to utilize/ferment xylans and/or C5 sugars, but requires their 
deconstruction for overall cellulose access [171, 172].  Out of six detected xylanases, four β-
xylanases (Cthe_0912, Cthe_1963, Cthe_2590, Cthe_2972) were classified under cluster 3 while 
Cthe_1398 (Xyloglucanase, Xgh74A) was classified under cluster 4. As mentioned above, both 
categories generally exhibit their highest abundance in stationary phase. The other xylanase, 
Cthe_1838, responsible for endohydrolysis of (1à4)-beta-D-xylosidic linkages in xylans, did not 
change significantly over time. Considering the intertwined, heterogenous nature of lignocellulosic 
biomass, these xylanases play an important role in the general deconstruction of xylan-comprised 
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hemicellulose encasing cellulose microfibrils, thus increasing the cellulase accessibility to the 
embedded cellulose [171, 172]. 
The general partitioning of xylanases to cluster 3 relative to other major cellulolytic 
components of the cellulosome (i.e. CipA, higher-order CipA-binding scaffoldins, and cellulases) 
to cluster 4 is particularly interesting. Xylanases other than Xgh74A rapidly accumulate from the 
start of the fermentation and increase consistently until stationary phase whereas the cellulosome 
in general increases only modestly during log-phase. This suggests an initial and immediate need 
for xylanase to deconstruct the hemicellulosic component of switchgrass and is perhaps critical to 
the initiation of switchgrass deconstruction. 
4.3.6 Inspection of key metabolic pathways for hydrolyzed cellulose utilization 
C. thermocellum is known to utilize ABC transporter systems for active uptake of 
oligosaccharides generated during cellulose hydrolysis [173]. Out of seven detected cellodextrin 
ABC transporter components, three (Cthe_1862, Cthe_1020 and Cthe_1019) were classified into 
cluster 4, whereas Cthe_0393 was a member of cluster 3. This suggests the majority of proteins 
required for the cellodextrin uptake remain relatively constant, with a modest increase at the 
transition between growth phases, similar to what was observed for CipA and other major 
cellulosome components. A transcriptomic analysis of C. thermocellum grown on pure cellulose 
showed similar findings with regard to cellodextrin transport [50]. As shown in Figure 4.4, the 
transported cellodextrins are further processed to glucose-1-phosphate and glucose in presence of 
cellodextrin phosphorylase, Cthe_2989, a member of cluster 4. Glucose-1-phosphate is further 
converted to the glycolytic intermediate glucose-6-phosphate in presence of phosphoglucomutase 
(Cthe_1265), whereas glucose converts to glucose-6-phosphate in presence of glucokinase, 
Cthe_0390, a member of cluster 4. 
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Figure 4.4. Glycolytic pathway. All the enzymes shown in the pathways were detected in mass 
spectrometry experiments. The red arrow in the pathway refers to the significant enzymes that 
belong to clusters 3 or 4. The green arrow refers to the significant enzymes that belong to clusters 
1 and 2. The blue arrow refers to the enzymes that were detected in mass spectrometry but were 
not significantly changing over time. 1. Cellulosomes; 2. Cellodextrin ABC Transporters 
Cthe_1019, 1020, 1862; 3. Cellodextrin Phosphorylase Cthe_2989; 4. Phosphoglucomutase 
Cthe_1265; 5. Glucokinase Cthe_0390; 6. Gluco-6-P-Isomerase Cthe_0217; 7. 
Phosphofructokinase Cthe_0347; 8. Fructose-bis-P-aldolase Cthe_0349, 0319; 9. 
Glyceraldehyde-3-P-Dehydrogenase Cthe_0137; 10. Triose-phosphate isomerase Cthe_0139 11. 
Phosphoglycerate Kinase Cthe_0138; 12. Phosphoglycerate Mutase Cthe_0140; 13. Enolase 
Cthe_0143; 14. PEP Carboxykinase Cthe_2874; 15. Malate dehydrogenase Cthe_0345; 16. 
Malic Enzymes Cthe_0344; 17. Pyruvate Phosphate Dikinase Cthe_1308; 18. PEP Synthase 
Cthe_1253; 19. Lactate Dehydrogenase Cthe_1053; 20. Pyruvate Formate Lyase Cthe_0506, 
0505; 21. Pyruvate Ferredoxin Oxidoreductase Cthe_2391, 2393; 22. Phosphotransacetylase 
Cthe_1029; 23. Acetate Kinase Cthe_1028; 24. Acetyl CoA Synthetase Cthe_0551; 25. Aldehyde 
Dehydrogenase Cthe_0423* and 26. Alcohol Dehydrogenase Cthe_0423*, 0394, 2579.  (* - 
bifunctional enzymatic activity) 
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When the abundances of enzymes involved in the glycolytic pathway were assessed 
(Figure 4.4), those involved in the conversion of glucose-6-phosphate to phosphoenol pyruvate 
(PEP) either had no change in expression (blue arrows) or showed decreased abundance over time 
(green arrows). This would be expected as the organism enters stationary phase and corroborates 
other studies [50]. Although glycolytic pathway enzyme abundance is stable/reduced, there are 
several metabolic outcomes that are enhanced as cells leave exponential growth, namely the 
interconversion of oxaloacetate ⇔ malate (malate shunt) and the production of ethanol and organic 
acids of anaerobic fermentation. These processes are discussed below.  
While several studies [166, 174] have suggested that pyruvate phosphate dikinase  (PPDK; 
Cthe_1308) does not play a crucial role for generation of pyruvate directly from 
phosphoenolpyruvate (PEP), our study finds a high abundance of PPDK that was constant 
throughout the time course (Figure 4.4). However, C. thermocellum normally forms pyruvate via 
a malate shunt, which includes PEP carboxykinase (Cthe_2874; cluster 2), malate dehydrogenase 
(Cthe_0345; cluster 4) and malic enzyme (Cthe_0344; no change) [174]. It has been suggested 
that the organism diverts carbon flow through the shunt to increase the production of the 
biosynthetic intermediates NADPH and GTP [166]. All three enzymes were detected at high 
abundance, but had varied abundance trends.  
The resulting pyruvate is the precursor for all fermentative endpoints. Examination of 
protein abundances profiles revealed that, except for acetate, all other end product-related enzymes 
appeared to increase over time, supporting the observed accumulation of these end products via 
microbial metabolism. These include lactate dehydrogenase (Cthe_1053; cluster 3) catalyzing 
pyruvate à lactate, pyruvate formate lyase (Cthe_0505 and Cthe_0506; cluster 4) catalyzing 
pyruvate à formate, and AdhE (Cthe_0423; cluster 4), a bidirectional acetaldehyde/CoA 
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dehydrogenase. This enzyme functions as both an alcohol dehydrogenase and acetaldehyde 
dehydrogenase and is the major driver of ethanol production in C. thermocellum and other 
ethanologenic microbes [51, 175, 176]. These results suggest that fermentation continues as long 
as there is available glucose and even into stationary phase, which is in line with other studies 
[177]. 
4.3.7 Induction of pentose phosphate pathway towards late stage culture  
Even though glycolysis is the primary metabolic pathway employed by anaerobes for 
energy generation, a shift glycolytic intermediates to alternate pathways in C. thermocellum is 
studied here. This might be a useful adaptation to overcome metabolic inhibition. An example of 
this was observed for the pentose phosphate pathway (PPP), which utilizes glycolytic 
intermediates to produce pentose (C5) sugars required for the biosynthesis of nucleotides and 
aromatic amino acids [50]. Out of 14 total detected PPP-related enzymes, six significantly changed 
with time (Figure 4.5). Of these, transketolases (Cthe_2443, 2704) and ribose-phosphate 
pyrophosphokinase (Cthe_2630), members of cluster 4, were found to increase upon entry into 
early stationary phase. The high abundance and increasing accumulation of ribose-phosphate 
pyrophosphokinase suggests production of phosphoribosyl pyrophosphate (PRPP), a sugar 
precursor for purine and pyrimidine metabolism. As this portion of the PPP is generally up-
regulated towards the end of the culture, where growth-related demand for nucleotides and 
aromatic amino acids is likely subsiding, the PPP could provide a vital shunt to divert 
carbon/electrons away from glycolysis to avoid the accumulation of ethanol and/or organic acids 
that could impact organism viability.  
With regard to other C5 sugar-related enzymes, a very high abundance of alcohol 
dehydrogenase GroES-like protein (Cthe_0388; cluster 2) was detected. This enzyme converts D- 
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Figure 4.5. Pentose phosphate pathway. All the enzymes required were detected in mass 
spectrometry experiments. The red arrow in the pathway refers to the significant enzymes that 
belong to clusters 3 or 4. The green arrow refers to the significant enzymes that belong to clusters 
1 and 2. The blue arrow refers to the enzymes that were detected in mass spectrometry but were 
not significantly changing over time. 1. Glucose-6-phosphate isomerase Cthe_0217; 2. 
Transketolase subunit A Cthe_2443, 2704; 3. Ribulose-5-phosphate 3-epimerase Cthe_0576; 4. 
Ribose-5-phosphate 3-isomerase Cthe_2597; 5. Ribose-phosphate pyrophosphokinase 
Cthe_2630; 6. Phosphopentomutase Cthe_0677; Phosphoglucomutase Cthe_1265; 7. 6-
Phosphofructokinase Cthe_0347; 8. fructose-bisphosphate aldolase Cthe_0349 and 9. 
deoxyribose-phosphate aldolase Cthe_1943 
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xylulose (hemicellulose-derived sugar) into xylitol, which accumulated almost 9-fold towards the 
late stationary phase. Even though the abundance of this protein decreases significantly with time, 
it is still highly abundant during late stationary phase and likely still involved in the interconversion 
of xylulose/xylitol. However, as C. thermocellum lacks an annotated xylose reductase, the only 
way xylitol can be formed biologically is by the reduction of xylulose, potentially by Cthe_0388 
enzyme mentioned above. Further work is needed to confirm this additional functionality. 
Compared to xylitol, xylulose increased only ~2-fold by stationary phase. There are two 
possibilities for this accumulation; xylulose could be a direct product from hemicellulose 
degradation or there is an unknown phosphate transferase that converts xylulose-5-phosphate 
to/from xylulose. This could be of potential value to industrial fermentation, as xylitol is used as 
artificial sweetener and antimicrobial agent in foods [178, 179].   
4.3.8 Branched-chain amino acid pools serve as precursors for higher-order fatty acid 
accumulation 
Aside from its ultimate fermentation to ethanol and organic acids, metabolic outcomes of 
PEP/Pyruvate as an intermediate include the biosynthesis of the branched-chain amino acids 
(BCAA) valine, leucine, and isoleucine. All three amino acids accumulated – each rising to their 
maximum (or close to it) by 47 h of growth and remaining elevated, relative to 19 h. Leucine 
accumulation was most dramatic (~ 10-fold), followed by isoleucine (~ 5-fold), and valine (~1.5-
fold). Though protein machinery involved in the conversion of pyruvate to BCAAs generally did 
not change or decreased over time (Figure 4.6), a BCAA aminotransferase (Cther_0856) 
controlling the final step of valine, leucine, and isoleucine biosynthesis (or their degradation) 
increased significantly (cluster 4), suggesting an important role for these BCAAs or their 
derivatives. One possibility is that C. thermocellum shifts its metabolism towards the biosynthesis  
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Figure 4.6. Valine, Leucine and Isoleucine yield precursors for branched chain fatty acid synthesis 
The red arrow in the pathway refers to the significant enzymes that belong to clusters 3 or 4. The 
green arrow refers to the significant enzymes that belong to clusters 1 and 2. The blue arrow refers 
to the enzymes that were detected in mass spectrometry but were not significantly changing over 
time. 1. Acetolactate synthase Cthe_2516, 2517, 2714; 2. Ketol-acid reductoisomerase 
Cthe_2518; 3. Dihydroxy-acid dehydratase Cthe_2713; 4. 2-Isopropymalate synthase 
Cthe_1391, 2519; 5. 3-Isopropylmalate dehydratase Cthe_2210, 2211; 6. 3-Isopropylmalate 
dehydrogenase Cthe_2209; 7. Branched chain amino acid aminotransferase Cthe_0856; 8. 
Branched chain keto acid dehydrogenase Cthe_0547* - possible new functional annotation [181] 
– Fatty acid synthase enzymes (Fab H,G,J,I). The overview of fatty acid synthase enzymes is given 
in Table 4.3. 
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Table 4.3. Enzymes detected for fatty acid biosynthesis in C. thermocellum 
Gene Protein Locus tag Cluster 
FabD [Acyl-carrier-protein] S-malonyltransferase Cthe_0935 C2 
FabH 3-oxoacyl-(acyl-carrier-protein) synthase 
Cthe_0130 C4 
Cthe_0132  
Cthe_0936 C2 
FabF 3-oxoacyl-[acyl-carrier-protein] synthase II Cthe_0932 C2 
FabG 3-oxoacyl-[acyl-carrier-protein] reductase Cthe_0934  
FabZ (3R)-hydroxymyristoyl-ACP dehydratase Cthe_2625  
FabI enoyl-[acyl-carrier-protein] reductase Cthe_3169  
 AMP-dependent synthetase and ligase Cthe_1232  
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of amino acids utilizing PEP/pyruvate as the precursor. This would be one of the several ways to 
rebalance metabolism. Diversion of carbon flux to amino acid production has been previously 
documented in C. thermocellum grown on model cellulose substrates like cellobiose [180] or pure 
cellulose [177]. Although increased amino acid production was striking in these earlier studies, 
growth on pretreated switchgrass did not elicit the same robust response as observed with the 
model substrates. This was true for both intracellular and supernatant metabolite pools (data not 
shown). In fact, the production of amino acids due to overflow metabolism in late-stage cultures 
was relatively muted, appearing to preferentially affect only the BCAAs described above.  
Considering the relative ratios of BCAAs observed here, especially when compared to 
other studies utilizing model cellulosic substrates, we report another possibility linked to the 
production of BCAAs that involves synthesis of higher-order fatty acids. Degradation of all three 
BCAAs, ultimately to isobutyryl-CoA (valine), isovaleryl-CoA (leucine), and 2-methyl-butyryl-
CoA (isoleucine), gives rise to anteiso/odd, iso/odd, and iso/even type fatty acids [182]. This could 
explain the large accumulation of these type of fatty acids revealed by metabolomic analysis. As 
shown in Fig. 5, the first step in BCAA degradation pathway requires the same up-regulated BCAA 
aminotransferase (Cthe_0856) involved in their synthesis. However, to obtain the activated, 
higher-order fatty acid precursors listed above, a second enzymatic step is required. A recent 
metabolic analysis of C. thermocellum has suggested a new functional annotation for the enzyme 
encoded by Cthe_0547 that would fulfill this role—a branched-chain keto acid dehydrogenase 
[181]. This enzyme would be able to convert 2-oxoisovalerate (from valine), 4-methyl-2-
oxopentanoate (from leucine), and 3-methyl-2-oxopentanoate (from isoleucine) to isobutyryl-
CoA, isovaleryl-CoA, and 2-methyl-butyryl-CoA, respectively – each providing the necessary 
building blocks for the production of these higher order fatty acids [182]. Encouragingly, 
 107 
Cthe_0547 was found to significantly increase with time (cluster 3) providing enzymatic evidence 
for the measured metabolic accumulation of these types of fatty acids over the course of growth.  
4.3.9 Fatty acid biosynthesis as a fermentation response 
Bacterial fatty acid production primarily contributes to the formation and maintenance of 
their lipid membranes [183]. Accumulation of specific types of fatty acids would provide a 
mechanism for C. thermocellum to adapt to either the build-up of fermentation products and/or 
lignocellulose-derived inhibitory compounds. However, as the level of ethanol and other 
fermentation products were not high enough to be considered inhibitory, the latter seems to be a 
more reasonable explanation. This is further substantiated by the accrual of lignocellulose-derived 
inhibitory compounds, including 4-hydroxybenzoic acid, vanillic acid, ferulic acid, p-coumaric 
acid, and vanillin (fold change range 2.2 – 1.8x), during C. thermocellum growth on switchgrass. 
As the chain length, saturation, and branching status of fatty acids generally controls the 
fluidity/rigidity of the membrane, many bacteria adapt to inhibitors such as these by changing the 
fatty acid composition of their membrane lipids [163, 164].  
Our results indicate that C. thermocellum increases the production of long-chain, branched 
iso- and anteiso-fatty acids over time, perhaps in response to the adverse effect imposed by 
lignocellulose-derived inhibitors and fermentation end products. The maintenance of optimal 
membrane fluidity/rigidity with branched-chain fatty acids depends on the availability of valine 
(anteiso/odd), leucine (iso/odd), and isoleucine (iso/even) [164]. The metabolite abundance 
profiles for both the BCAAs and higher-order fatty acids measured here indicate a substantial 
increase in the amount of iso-fatty acids relative to their anteiso- counterparts. This corroborates a 
previous study where Gram-positive bacterium Arthrobacter chlorophenolicus exposed to toxic 
concentrations of phenol, 4-chlorophenol, and 4-nitrophenol led to a decrease in the anteiso/iso 
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ratio; a response that made a more rigid membrane to counteract the increase in fluidity brought 
upon by the cytotoxic phenolics [184]. 
All necessary enzymes illustrated in the KEGG pathway for the conversion of acetyl-CoA 
into palmitic acid (base fatty acid) were detected in the C. thermocellum.  Overall, enzymes 
involved in fatty acid biosynthesis were either stable or decreased over time, again following 
general cessation of growth. Interestingly, the reductive steps in the biosynthesis of fatty acids 
requires NADPH, a major product of malate shunt pathway shown to be up-regulated above 
(Figure 4.4). In the context of higher-order, odd numbered fatty acids, a three-carbon precursor, 
propionyl-CoA, is required rather than acetyl-CoA [185]. Formate acetyl transferase (Cthe_0505) 
is capable of producing propionyl-CoA from 2-oxobutanoate, a product formed from cysteine and 
methionine metabolism. This enzyme was found to increase over time (cluster 4). Together with 
the increase of higher-order, long-chain fatty acids observed by metabolomics analysis, these data 
suggest that although the base machinery for producing fatty acids decreases toward late-stage 
cultures as overall metabolic demand tapers off, enzymes responsible for branched, odd numbered 
fatty acid precursors are still required (and up-regulated) for overall membrane maintenance and/or 
continued turnover. This implies that the deconstruction of switchgrass imposes greater metabolic 
challenges on C. thermocellum than do model cellulose substrates, spurring the organism to adapt 
its cellular membrane to the increasingly hostile culture environment toward late-stage cultures. 
4.4 Conclusions  
Clostridium thermocellum is a candidate for consolidated bioprocessing of cellulosic 
biomass to biofuels.  In order to understand the delicate balance between recalcitrant lignocellulose 
solubilization, end-product formation, and potential microbial inhibition, a detailed C. 
thermocellum time course omics analysis to characterize its growth on industrially-relevant, dilute-
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acid pretreated switchgrass was conducted. As expected, most central metabolism-related enzymes 
decreased in abundance with growth, suggesting cessation of biogenesis-related activity towards 
late stationary phase. On the contrary, the level of enzymes involved in the production of 
fermentation end-products remained high, potentially triggering the up-regulation of carbon flux 
diverting metabolic pathways like the PPP to maintain metabolic integrity. An important finding 
from this study was the observation that hemicellulose-derived 5C sugars/sugar alcohols and 
phenolic acids derived from lignin accumulated over time and likely contributed to growth 
inhibition – thus prompting up-regulation of BCAA/fatty acid re-composition pathways to adapt 
the cell to deteriorating culture conditions brought upon by continued deconstruction of 
switchgrass. This is further substantiated by the observed accumulation of higher-order fatty acids 
synthesized by C. thermocellum. Taken together, the time-dependent accumulation of long chain 
iso- (and less so anteiso-) over linear fatty acids, as well as the corresponding up-regulation of the 
required biosynthetic protein machinery, suggests a protective effect is imparted by these higher-
order, long chained fatty acids and is perhaps a necessary metabolic adaptation to growth on 
complex lignocellulosic biomass. 
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CHAPTER 5 
The diversity and specificity of extracellular enzymes in the 
cellulolytic bacterium Caldicellulosiruptor bescii is driven by the 
nature of the cellulosic substrate 
Text and figures were adapted from:  
Poudel, S., Giannone, R.J., Basen, M., Nookaew, I., Poole, F.L., Kelly, R.M., Adams, M.W. and 
Hettich, R.L., 2018. The diversity and specificity of the extracellular proteome in the cellulolytic 
bacterium Caldicellulosiruptor bescii is driven by the nature of the cellulosic growth substrate. 
Biotechnology for Biofuels, 11(1), p.80. 
Suresh Poudel contributions included: Sample preparation, mass spectrometry measurement, data 
analysis, manuscript writing and revisions  
5.1 Introduction 
Microbial utilization of lignocellulose requires cellulases and xylanases that synergistically 
unravel and hydrolyze the carbohydrate content of plant biomass within the lignin matrix [186, 
187]. Microcrystalline cellulose is the most recalcitrant component, and is most effectively 
deconstructed with either non-complexed cellulases [188] or self-assembled polysaccharides 
scaffolds known as cellulosomes [189].  Some organisms, such as Caldicellulosiruptor 
bescii (previously Anaerocellum thermophilum), secrete multi-functional cellulases that contain 
both binding and catalytic domains [59, 190] for this purpose [191]. The cellulose deconstruction 
mechanism of C. bescii  is distinct from either that of the fungal free or non-complexed cellulases 
and Clostridial cellulosomes [192].  C. bescii is a Gram positive, anaerobic, extremely 
thermophilic bacterium that grows optimally at 78°C, with a temperature maximum as high as 
90°C, and can ferment crystalline cellulose and xylan as well as untreated plant biomass (including 
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poplar and switchgrass) [193, 194]. These untreated lignocellulosic substrates are attacked 
primarily by an array of GHs that includes several large, multi-domain carbohydrate active 
enzymes (CAZymes) [195] as well as other accessory enzymes and substrate binding proteins that 
are integral to the deconstruction process.  
The multi-domain architecture of these complex cellulolytic proteins involves glycosyl 
hydrolase (GH) domains interspersed with CBMs, which play a major role in localizing the 
catalytic domain in close proximity to the substrate [196].  The C. bescii genome encodes 52 
annotated extracellular GHs that aid in the deconstruction of the carbohydrate components of cell 
walls [197]. CelA has been reported as one of the most abundant enzymes in this group [59], and 
consists of three CBMs and two catalytic domains (GH9 and GH48) with both endo- and 
exoglucanase activities [198, 199]. Reduction in exoglucanase (GH48) activity during 
extracellular deconstruction of substrates was reported when CelA was deleted from the C. bescii 
genome [200].  Functional analysis of the genomic region that includes six major GH coding genes, 
identified as the Glucan Degradation Locus (GDL), revealed the important roles of GHs in the 
deconstruction of plant biomass. In particular, the synergistic activity of Athe_1867 (CelA), 
Athe_1859, and Athe_1857 accounted for deconstruction of 92% of microcellulose (Avicel) [201]. 
Transcriptomics measurements of the growth of Caldicellulosiruptor species on cellulose or 
switchgrass revealed that many carbohydrate ABC transporters and multi-domain extracellular 
GHs are differentially regulated [195]; in fact, the expression of as many as 32 GHs responded to 
growth on microcrystalline cellulose when compared to glucose [202].  A previous proteomics 
study of the C. bescii secretome revealed that the most abundant proteins were multi-domain 
glycosidases, extracellular solute binding proteins (ESBPs), flagellin, putative pectate lyases and 
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uncharacterized proteins with predicted secretion signals [59]. However, the study was limited to 
crystalline cellulose as the only growth substrate. 
To date, most studies of C. bescii have focused on a limited number of growth conditions 
[198, 203-206]. As there is no comprehensive study examining C. bescii’s growth on a variety of 
C5- and C6-substrates, the functional roles of loosely characterized or uncharacterized 
extracellular proteins critical to lignocellulose solubilization remain undefined.  To this end, the 
extracellular proteome of C. bescii grown on six different carbon sources, including substrates that 
are mono-, di-, and polysaccharide in nature were studied.  Glucose and xylose (monosaccharides), 
along with cellobiose (disaccharide), were selected as “simple substrates,” whereas crystalline 
cellulose (Avicel), xylan, and switchgrass (polysaccharides) were selected as “complex 
substrates.” Comparisons between the extracellular proteins measured across substrate classes 
(i.e., simple vs. complex, C5 vs. C6, pairwise comparisons between substrates) were conducted to 
ascertain substrate-specific dependencies that both further inform the process of lignocellulosic 
deconstruction and utilization by C. bescii as well as lend additional functional information to 
poorly characterized proteins involved in the process (i.e. ESBPs that respond to specific substrates 
or substrate classes).  Additionally, a careful examination of PUFs was undertaken to determine 
which of these are highly growth substrate-dependent.   
5.2 Materials and Methods 
5.2.1 Cultivation and Sampling 
Media for the cultivation of Caldicellulosiruptor bescii DSM6725 was supplemented with 
vitamins, trace elements, and 0.5 g L−1 yeast extract, as described previously [193]. Media was 
initially prepared without growth substrate.  Six different growth substrates were picked to 
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represent a range of simple to complex cellulose substrates for differential proteome 
characterizations. The carbon growth substrates of glucose, cellobiose, crystalline cellulose 
(Avicel PH-101, Sigma), xylose, birchwood xylan (Sigma) or switchgrass (sieved 20/80-mesh 
fraction; BESC Alamo cultivar provided by Dr. Brian Davison, Oak Ridge National Laboratory, 
Oak Ridge, TN) were then added to the media. The switchgrass samples were used without 
chemical or physical pretreatment, other than washing for 18 h with water at 78°C, and will 
therefore be referred to as unpretreated switchgrass [207]. The bottles containing media and 
growth substrates were then closed with butyl rubber stoppers, and the headspace was replaced 
with N2/CO2 (80/20). Growth experiments were performed at 78°C as closed cultures without pH 
control (400 mL volume, shaken at 150 rpm). Growth was monitored by cell counting using a 
Petroff-Hausser counting chamber. The bottles were taken out of the incubator in mid-to-late 
exponential growth stage (0.5−1.5 × 108 cells mL−1). The culture was immediately (<1 min.) 
brought to room temperature by pumping through a glass cooling coil bathed in an ice-water slurry, 
as previously described [208]. Most of the insoluble substrate was removed by this procedure. 
Cells and residual substrate were the pelleted by centrifugation at 6,000 × g for 5 minutes. 50 mL 
subsamples of the supernatant containing the secreted proteins was carefully decanted, frozen and 
kept at –80°C until further processing.  
5.2.2 Fermentation product analyses 
The products of the fermentations were determined by high-performance liquid 
chromatography (HPLC) in culture supernatant after removal of cells and insoluble substrates by 
centrifugation. Centrifuged samples for HPLC were further acidified with 0.1 M H2SO4 and 
centrifuged again before analysis to remove particles. Organic acids, cellobiose, glucose and 
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xylose were determined using a 2690 separations module (Waters, Milford, MA) equipped with 
an Aminex HPX-87H column (300 mm by 7.8 mm; Bio-Rad, Hercules, CA), a photodiode array 
detector (model 996; Waters) and a refractive index detector (model 410; Waters). The system was 
operated with 5 mM H2SO4 as the eluent at a flow rate of 0.5 ml min−1.  
5.2.3 2D LC-MS/MS based proteomic analysis 
Cell free secretome samples were prepared for 2D LC-MS/MS analysis as described 
previously [59]. Briefly, filter-concentrated supernatant proteins (5 kDa MWCO spin column; 
Vivaspin20 by Sartorius) were denatured and reduced with SDS lysis buffer plus DTT and 
subjected to TCA precipitation to enrich proteins and remove bulk SDS and other small molecules. 
Acetone-washed protein pellets were then resolubilized in urea and concentrations assessed by 
BCA (Pierce). Recovered supernatant proteins were again reduced with DTT, alkylated with IAA 
to block disulfide bridge reformation, and digested to peptides with two sequential aliquots of 
sequencing-grade trypsin (Promega Corp., Madison, WI, USA) at a 1:100 enzyme:protein ratio 
(w/w), initially overnight then followed by 4 h at room temperature. As previously described, 
samples were diluted 1:1 prior to overnight digestion, then again before 4-h digestion [59]. 
Samples were then salted (NaCl), acidified (formic acid), and filtered through a 10 kDa MWCO 
spin column filter (Vivaspin2; Sartorius). Peptide concentrations were then measured using the 
BCA (Pierce). Five micrograms of peptides were then pressure-loaded onto a biphasic MudPIT 
back column, as described previously [59, 146, 147] . Bound peptides were then washed, separated 
and analyzed by data-dependent MS/MS over 2 successive salt cuts of ammonium acetate (50 mM 
and 500 mM). LC-resolved peptides were analyzed in real-time by a ThermoFisher LTQ-Orbitrap-
XL mass spectrometer. 
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5.2.4 MS data analysis and evaluation 
Acquired MS/MS spectra were matched with theoretical tryptic peptides generated from a 
concatenated C. bescii proteome FASTA database with contaminants and decoy sequences using 
MyriMatch v. 2.1 [108]. Peptide spectral matches (PSM) were filtered to achieve peptide false-
discovery rates (FDR) < 1% and assembled to their respective proteins using IDPicker v. 3.0 [110]. 
Protein abundances were derived via peptide ion intensity values as previously described [209]. 
Extracellular proteins were analyzed independently by removing PSORT- and Phobius-predicted 
intracellular proteins as their presence in the supernatant fraction is largely due to contamination 
via microbial lysis [210, 211]. Following normalization, pairwise comparisons were conducted 
between all substrates using Student’s t-test and resulting p-values for each protein were adjusted 
via Benjamini-Hochberg (BH) FDR correction. Comparisons resulting in BH-corrected p-values 
< 0.05 were further investigated. Comparisons across broad substrate classes were similarly 
performed, namely C5 vs. C6 substrates as well as complex vs. simple substrates. Functional 
enrichment (KEGG and GO) for specific substrates were performed through the R package PIANO 
[152] as detailed previously [212]. A genome atlas was created that charted the abundance profiles 
of extracellular proteins across substrates – globally visualized in the context of the entire C. bescii 
chromosome using CMG-biotools [213]. 
5.3 Results and Discussion 
5.3.1 Substrate-dependent growth state characteristics  
Microbial growth observed on the different substrates was consistent with previous reports 
[193, 214] (Table 5.1). The highest growth rates were achieved with glucose and cellobiose (with 
doubling times of 0.67 h–1 and 0.57 h–1, respectively) as shown in Figure 5.1. Growth on the C5  
 116 
Table 5.1. Growth parameters, substrate consumption and product formation of C. bescii on 
different substrates. C. bescii cultures were grown at 78°C in complex medium with 5 g L–1 of 
different substrates. Cell densities and metabolite concentrations were determined prior to 
harvesting the cells for proteome analysis in the exponential growth phase (n=3; ±SD; n.d. not 
determined). 
 
Glucose Cellobiose Crystalline 
cellulose 
Xylose Xylan Unpretreated 
switchgrass 
Cell density    (cells 
mL–1) 
9.5E+07 
±2.5E+07 
1.5E+08 
±1.3E+07 
1.0E+08 
±1.7E+07 
8.0E+07±
1.1E+07 
9.5E+07 
±2.7E+07 
1.0E+08 
±1.3E+07 
Growth rate (h-1) 0.67 0.57 0.37 0.24 0.43 0.34 
Acetate (mM) 2.2 ±0.4 1.7±0.2 2.3±0.0 3.1±0.6 2.6±0.2 1.7±0.2 
Lactate (mM) 0.0±0.0 0.1±0.2 2.6±0.3 0.9±0.4 0.3±0.2 0.0±0.0 
Substrate consumed 
(mM) 
2.1±0.5 0.8±0.0 n.d. 5.0±1.5 n.d. n.d. 
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Figure 5.1. Growth of C. bescii on complex medium with (A) different soluble or (B) insoluble 
components of plant biomass. Cultivation was performed in 1 L closed bottles filled with 400 mL 
medium, under a N2/CO2 (80/20) atmosphere, with glucose (open squares), cellobiose (open 
circles), xylose (open triangles), crystalline cellulose (closed circles), birchchwood xylan (closed 
triangles) and on unpretreated switchgrass (crosses), at substrate concentrations of 5 g L–1. After 
cultures reached the mid-to-late exponential growth phase (7.0–1.5 × 108 mL–1; indicated by 
arrows), supernatants containing the extracellular proteins were separated from the cells by 
centrifugation. Representative growth curve shown for each substrate. 
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xylose was significantly slower (0.24 h–1) than the growth on xylan (0.43 h–1). This may imply that 
xylo-oligomers derived from xylan are taken up by C. bescii faster than xylose, or that growth can 
be enhanced by other components of xylan, such as L-arabinose or D-glucuronic acid [215]. For 
comparison, a reduced growth rate of thermophiles has been observed with increasing xylose 
concentrations, starting as low as 2 g L–1 [216]. This may be due to an enhanced Maillard reaction 
with xylose (as compared to glucose) [217], which releases substances inhibitory to microbial 
growth. For crystalline cellulose, an initial growth rate of 0.37 h–1 was observed following a short 
lag phase – a rate which agrees with bioreactor studies [193, 207]. Similarly, the growth rate on 
unpretreated switchgrass (0.34 h–1) was only slightly lower than what has been reported in pH-
controlled reactors. Since the cultures were harvested early, in the mid-to-late exponential growth 
phase, and the studies were performed without pH-control [207], only low amounts of products 
(Table 5.1) were found in the supernatant.  
Among these, acetate was the dominant product, with up to 3.1 mM produced in the xylose 
fermentations, while lower amounts of lactate <1 mM were detected. These concentrations agree 
with what has been published previously for C. bescii in the exponential growth phase [218]. Gas 
phase composition was not determined. Taken together, the observed growth rates and formed 
products compared well with previous reports and indicated that the cultures were suitable for the 
analysis of the extracellular proteome. To this end, the culture supernatants were separated from 
the cells by centrifugation, and proteins in the supernatant were further characterized.  
5.3.2 Overview of the expressed extracellular proteome across divergent substrates 
In total, 579 proteins were detected in the extracellular samples by LC-MS/MS. The PCA 
plot and the correlation matrix reveal that the biological replicates clustered together and were 
highly correlated among replicates (Figure 5.2). Across sample conditions, protein abundance  
 119 
 
 
 
 
 
 
Figure 5.2 Global visualization of proteome at the experimental level: A. The correlation plot shows the pearson correlation values when 
different conditions were compared within biological replicates and between samples. B. The PCA plot shows how well the biological 
replicates are grouped together, and the clear distinction between growth conditions 
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values obtained from simple substrates (glucose, xylose and cellobiose) and complex substrates 
(Avicel, xylan and switchgrass) grouped accordingly. As the focus was primarily on the 
extracellular proteins, intracellular proteins were computationally identified using Psort and 
Phobius, and removed, leaving 192 proteins classified herein as extracellular. Of these, 68 proteins 
contained predicted signal peptides.  
To further examine the genomic localization (and operon structures), the predicted and 
measured extracellular proteins were visualized on a circular genome atlas that depicts their 
abundance across the six substrates (Figure 5.3). Biological replicates are shown in adjacent rings, 
and each substrate growth condition is indicated by a unique color.  In general, there are 13 major 
regions (dark colored) along the chromosome (marked A-M in Figure 5.3) that highlight sections 
of the genome that are translated into highly abundant proteins under all growth conditions. The 
most noteworthy cluster of highly abundant proteins belongs to region H, which encodes the major 
pectate lyases, the GDL family of glycosyl hydrolases (GH; GH-5, -9 and -48), and mannan endo-
1,4-beta-mannosidases, as shown in Table 5.2. Many of the other regions identified consist of 
proteins with known functions linked to carbohydrate binding, uptake, and metabolism. However, 
regions C, D, L and M contain highly abundant proteins with no annotated function. Of particular 
interest is region D, which consists of four PUFs localized together, perhaps indicative of co-
regulation during lignocellulosic deconstruction/utilization.  
5.3.3 The invariant core extracellular proteome 
The core extracellular proteins that are abundant across all growth conditions but relatively 
invariant under any specific condition (i.e. p-value > 0.05 when compared across all substrates) 
were investigated as the first category. Among them, six proteins (Athe_1853, 1854, 1855, 1859, 
1866, and 1867) are classified as CAZymes. Athe_1853, 1854, and 1855 are the pectate lyases A,  
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Figure 5.3. Genome atlas overlaid with abundance profiles of proteome obtained from the mass 
spectrometry experiments. The innermost circle with bases position is the circular genome. The 
outer 18 lanes are the biological samples (6x3=18). Each lane is color coded (darker color 
represents highly abundant proteins). Lanes A-L represents the regions of genome that corresponds 
to highly abundant proteins. 
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B and C, respectively, which cleave pectin, a major component of the primary cell walls of higher 
plants [219]. Previously, transcriptional analyses have reported these genes to be upregulated when 
C. bescii was grown on switchgrass [220] and downregulated on cellulose [202], both when 
compared to growth on glucose. Although gene expression was shown to be differential, the 
extracellular proteomic data presented here indicate that their abundances were fairly consistent 
across different substrates, and highly abundant even when cells are grown on simple monomeric 
substrates. This illustrates the complementary nature of transcriptomic and proteomic datasets, and 
demonstrates the need for integrated omics especially when studying extracellular environments 
where proteins/enzymes can accumulate, persist, and continue to function outside the observed 
induction of intracellular gene expression.  
The other three core CAZymes identified, GHs Athe_1859, 1866, and 1867, are part of a 
multi-domain cellulase/hemicellulase gene cluster in the C. bescii genome known as the GDL 
[201, 202]. The GDL is known to be involved in processing of C5 and C6 sugars [195] and is 
located in region H of the genome atlas (Figure 5.3 and Table 5.2), which includes other important 
GHs (Athe_1857, 1860, and 1865) that were differentially abundant across substrates (discussed 
below). In contrast, the GDL CAZymes Athe_1859, 1866, and 1867 were highly abundant and did 
not vary across substrates. Athe_1867 (CelA) is one of the most widely studied proteins in C. 
bescii, and was one of the most abundant extracellular proteins measured across all substrates. 
This megazyme is primarily involved in the deconstruction of crystalline cellulose, and consists of 
three CBM3 sandwiched between two catalytic domains, a processive endoglucanase (GH9) and 
an exoglucanase (GH48) [59, 198, 199, 221].  Similarly, Athe_1859 (consisting of GH5, two 
CBM3, and GH44 - known as CbMan5A/Cel44a, a bifunctional mannanase) and Athe_1866 
(CelB, which consists of GH5, three CBM3 and GH5) were also highly abundant. As noted above,  
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Table 5.2. Most abundant extracellular proteome 
Locus_Tag ProteinDescription GeneStart GeneEnd Regions 
Athe_0012* YD repeat protein 12644 21727 A 
Athe_0105* D-xylose ABC transporter, periplasmic substrate-binding protein 128013 129068 B 
Athe_0161* conserved hypothetical protein 200857 202029 C 
Athe_0264* hypothetical protein 314752 315591 
D 
Athe_0287 hypothetical protein 332238 332570 
Athe_0290 hypothetical protein 335168 336103 
Athe_0297* hypothetical protein 342619 343452 
Athe_0460 GH family 94 524264 526699 E 
Athe_0597 extracellular solute-binding protein family 1 673118 674620 F 
Athe_1664* flagellin domain protein 1758223 1759485 G 
Athe_1853* Cellulose 1,4-beta-cellobiosidase 1929397 1931898 
H 
Athe_1854* Pectate lyase 1932088 1933470 
Athe_1855* Pectate disaccharide-lyase 1933527 1935488 
Athe_1857 GH family 48 1938607 1943043 
Athe_1859* GH family 5 1943641 1947525 
Athe_1860 GH family 48 1947681 1953395 
Athe_1865 GH family 9 1959955 1964064 
Athe_1866* Mannan endo-1,4-beta-mannosidase., Cellulase 1964321 1968565 
Athe_1867* GH family 48 1968721 1974000 
Athe_1913* extracellular solute-binding protein family 5 2017642 2019249 I 
Athe_2120* Ig domain protein group 2 domain protein 2249043 2254538 J 
Athe_2303 S-layer domain protein 2436246 2439302 K 
Athe_2653* hypothetical protein 2672878 2674524 L 
Athe_2729 conserved hypothetical protein 2881035 2881247 M 
 
*Core extracellular proteins 
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Athe_1867 (CelA) and Athe_1859 are two of the three members responsible for almost complete 
deconstruction of microcrystalline cellulose (Avicel), which perhaps explains their persistent 
abundance in C. bescii’s secretome [201].  
Other than the core CAZymes described above, several other proteins were found to be 
consistently abundant across all substrate classes. These include proteins involved in carbohydrate 
binding and transport (Athe_0012, 0105, 1913) or cell adhesion/potential carbohydrate recognition 
and motility (Athe_1664 and 2120).  Of particular interest, however, were four PUFs (Athe_0161, 
0264, 0297 and 2653) that were also highly abundant and independent of the carbohydrate 
substrate supplied. Their persistent abundance across all conditions suggests that they play a 
critical role in deconstruction or utilization of lignocellulosic material. In fact, Athe_0264 is one 
of the most abundant proteins in the entire extracellular proteome but its function has yet to be 
determined. There are no known orthologs of this protein, though the second best hit in 
BlastKOALA [71] matches to a multidrug efflux pump – an interesting connection but whose 
functional assignment would require additional experimental confirmation.  
5.3.4 Protein with varying abundance trends across growth substrates  
One-way ANOVA generated a list of 115 extracellular proteins that were significantly (p-
value < 0.05) increased or decreased in abundance in at least one substrate condition. This list was 
further curated to highlight proteins that respond to a specific type of substrate or substrate class. 
The main comparisons included: any substrate compared with all other substrates, C5 vs. C6 
substrates, and simple vs. complex substrates.  Glucose, cellobiose and xylose were categorized as 
simple substrates, whereas Avicel, xylan and switchgrass were categorized as complex substrates. 
These differentially abundant proteins were then examined in more detail to ascertain their possible 
involvement in the deconstruction of specific substrates or substrate component.   
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Table 5.3 shows the overall distribution of protein class per substrate comparison. Overall, 
43 differentially abundant proteins contained a signal peptide. Among 18 extracellular CAZymes 
measured, 11 were differentially abundant, with 7 containing CBMs (Table 5.4). Interestingly, 
CBM-containing CAZymes were most abundant on either switchgrass or xylan in the individual 
substrate pairwise comparisons.  ESBPs are another broad category of extracellular proteins that 
have non-catalytic extracellular activities [222]. Out of 22 predicted ESBPs, 14 were differentially 
abundant. As both CAZymes and ESBPs are important to the process of lignocellulose 
deconstruction and utilization, and are known to be extracellular, both protein classes were 
visualized as a scatter plot (Figure 5.4) based on their absolute fold changes and p-values (Table 
5.4) obtained through pairwise comparison. Clearly, enzymes suspected to be involved in the 
deconstruction of switchgrass and xylan are the most differentially abundant, as shown in Figure 
5.4. ESBPs (Athe_0847, 0849, 0614) were categorically more abundant in complex substrates like 
xylan, switchgrass and Avicel when compared to simple substrates, with Athe_0849 more specific 
to the C5 polymer xylan relative to SWG. In addition to these ESBPs, Athe_0089 was highly 
specific to xylan. This is expected, as Athe_0089 is functionally categorized as an endo-1,4-beta 
xylanase and thus would be an important player in the deconstruction of pure xylan.  Overall, the 
most significant ESBPs and CAZymes (color coded in Figure 5.4) revealed higher abundance in 
xylan, switchgrass and/or Avicel when compared to other simple substrates, and thus strongly 
implicate their importance to the deconstruction and utilization of complex substrates by C. bescii.  
The suite of extracellular enzymes appears to be highly dependent on the nature and complexity 
of the growth substrate. To further explore substrate dependent protein abundance, the 
differentially abundant proteins identified by ANOVA above were first segregated by substrate, 
and then individual proteins clustered according to their fold-change values when compared to all  
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Table 5.3. Extracellular proteome summary 
 
 All v All Simple v Complex C5 v C6 Union 
Signal Peptide 33 13 25 43 
CAZymes 8 6 3 11* 
ESBPs 12 9 5 14 
PUFs 25 13 21 37 
 
* - Out of 11 CAZymes 7 consist of CBMs 
  
 128 
 
 
Figure 5.4. Scatterplot of absolute fold-change (in log scale) and –log10(p-value) obtained by 
pairwise comparisons of ESBPs and CAZymes across all growth conditions. The most significant 
proteins (p-value < 0.01 and fold change > 4x) are colored. Each point represents the p-value and 
fold change obtained by the pairwise comparison. Each rectangular box represents the locus tag of 
protein along with the most significant comparisons. The red colored substrate means the high 
abundance of proteins and green color means low abundance of protein. 
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Table 5.4. Differentially abundant CAZYmes in different growth conditions 
LocusTag_ProteinDescription Comparison (subA_subB)** 
P-
value 
subA-subB 
(Fold 
Change**) 
CBM 
Athe_0610_GH starch-binding CB_SWG 0.00 -4.66 Yes 
Athe_0610_GH starch-binding GLU_SWG 0.00 -3.98 Yes 
Athe_0610_GH starch-binding GLU_XYLN 0.00 -4.37 Yes 
Athe_0610_GH starch-binding Simple_Complex 0.01 -2.81 Yes 
Athe_0610_GH starch-binding CB_XYLN 0.00 -5.04 Yes 
Athe_0610_GH starch-binding C6_C5 0.01 -2.69 Yes 
Athe_0460_GH 94 GLU_CB 0.02 -1.55 No 
Athe_0460_GH 94 XYLN_XYLO 0.00 -2.68 No 
Athe_0460_GH 94 GLU_XYLN 0.00 1.41 No 
Athe_0460_GH 94 GLU_XYLO 0.01 -1.27 No 
Athe_0460_GH 94 AVI_SWG 0.02 4.8 No 
Athe_0460_GH 94 AVI_XYLN 0.00 4.65 No 
Athe_0460_GH 94 AVI_XYLO 0.01 1.97 No 
Athe_0460_GH 94 AVI_CB 0.03 1.69 No 
Athe_0460_GH 94 CB_XYLN 0.00 2.96 No 
Athe_0460_GH 94 GLU_AVI 0.00 -3.24 No 
Athe_0459_GH 94 AVI_SWG 0.04 4.7 No 
Athe_0459_GH 94 AVI_XYLN 0.04 5.96 No 
Athe_0459_GH 94 AVI_CB 0.01 1.54 No 
Athe_0459_GH 94 GLU_AVI 0.03 -2.91 No 
Athe_2028_GH family 4 Simple_Complex 0.04 1.16 No 
Athe_1857_GH family 48 AVI_XYLN 0.03 -1.63 Yes 
Athe_1857_GH family 48 AVI_XYLO 0.02 -2.13 Yes 
Athe_1857_GH family 48 AVI_CB 0.03 -2.96 Yes 
Athe_1857_GH family 48 Simple_Complex 0.01 1.21 Yes 
Athe_1857_GH family 48 GLU_AVI 0.04 1.9 Yes 
Athe_0089_Endo-1,4-beta-xylanase XYLN_XYLO 0.00 5.01 Yes 
Athe_0089_Endo-1,4-beta-xylanase GLU_XYLN 0.00 -5.05 Yes 
Athe_0089_Endo-1,4-beta-xylanase XYLN_SWG 0.00 5.22 Yes 
Athe_0089_Endo-1,4-beta-xylanase AVI_XYLN 0.00 -5.44 Yes 
Athe_0089_Endo-1,4-beta-xylanase CB_XYLN 0.01 -5.02 Yes 
Athe_0089_Endo-1,4-beta-xylanase C6_C5 0.02 -2.66 Yes 
Athe_1860_GH family 48 XYLN_XYLO 0.03 -0.53 Yes 
Athe_1860_GH family 48 AVI_SWG 0.05 -2.14 Yes 
Athe_1860_GH family 48 XYLN_SWG 0.05 -0.72 Yes 
Athe_1860_GH family 48 AVI_XYLO 0.05 -1.95 Yes 
Athe_1860_GH family 48 AVI_CB 0.05 -2.89 Yes 
Athe_1860_GH family 48 Simple_Complex 0.03 1.02 Yes 
Athe_0609_pullulanase, type I Simple_Complex 0.00 -2.29 Yes 
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Table 5.4. Continued. 
 
LocusTag_ProteinDescription Comparison (subA_subB)** 
P-
value 
subA-subB 
(Fold 
Change**) 
CBM 
Athe_0609_pullulanase, type I C6_C5 0.03 -1.99 Yes 
Athe_0152_Acetyl xylan esterase GLU_CB 0.03 4.11 No 
Athe_0152_Acetyl xylan esterase GLU_XYLN 0.03 4.03 No 
Athe_0594_Cellulase Simple_Complex 0.01 -2.05 Yes 
Athe_1865_GH family 9 AVI_SWG 0.04 -1.75 Yes 
Athe_1865_GH family 9 AVI_XYLN 0.01 -1.8 Yes 
Athe_1865_GH family 9 AVI_XYLO 0.01 -1.81 Yes 
Athe_1865_GH family 9 AVI_CB 0.04 -1.89 Yes 
Athe_1865_GH family 9 C6_C5 0.04 -0.91 Yes 
 
• - belongs to core extracellular proteome 
• **The fold changes are in log scale. If the fold change in +ve, the protein is 
significantly more abundant in substrate (left side) when compared substrate (right 
side) in the comparison column. Similarly, if the fold change is –ve, the protein is 
significantly more abundant in substrate (right side) when compared substrate (right 
side) in the comparison column. 
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other substrates. Growth on the monosaccharides glucose and xylose show increased abundance 
of proteins involved in signal transduction, chemotaxis, ABC transport, and other broad functional 
categories (Figure 5.5 A, C). With regard to the disaccharide cellobiose (Figure 5.5 B), several 
PUFs as well as GH48-related proteins were detected in higher abundance when compared to other 
substrates. Growth on the complex, C6 polysaccharide Avicel revealed two kinds of trending 
proteins clusters that exhibited contrasting abundance patterns (Figure 5.5 D). One cluster contains 
proteins that were abundant when compared to simple sugars, but less abundant when compared 
to xylan and switchgrass.  
Since both switchgrass and xylan contain C5 polymers, it is possible that this cluster contains 
proteins specific to C5 deconstruction or utilization. This cluster mainly consists of ESBP-1, PUFs, 
and S-layer domain proteins. The other cluster in Figure 5.5 D is comprised of proteins that were 
highly abundant when compared to switchgrass and xylan, but lower when compared to simple 
sugars – the majority of which were identified and discussed earlier in glucose and xylose. A pair 
of CAZymes (Athe_0459, 0460) were significantly more abundant in Avicel compared to other 
growth conditions. These proteins possess cellobiose/cellodextrin phosphorylase activities, and 
were also found to be significantly more abundant in cellobiose as compared to glucose.  
Interestingly, their abundances were higher in Avicel (2x) compared to cellobiose alone, the latter 
of which being the obvious substrate target. Since the sample collection occurred during mid-log 
phase, other cellulase enzymes likely have already begun solubilizing and deconstructing the 
cellulose (Avicel) into cellobiose, thus increasing the abundances of these enzymes. These were 
previously annotated as glycosyltransferase 36, and have been updated to GH94 in the CAZY 
database [223].   
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Figure 5.5. Clustering of proteins in a heat-map based on fold change difference when one 
substrate is compared versus all five other substrates. A) Glucose; B) Cellobiose; C) Xylose; D) 
Avicel; E) Xylan and F) switchgrass. The darker yellow color in the heat-map refers to a group of 
proteins having maximum fold change and a darker yellow color is progressively decreasing in 
fold change difference when a substrate is compared with another substrate. The black rectangular 
box refers to the protein clusters that have highest fold change difference versus another substrate. 
The functional description of the proteins in these clusters are mentioned underneath each heat-
map. 
  
 133 
For comparison, a study in the related cellulolytic bacterium, Clostridium cellulolyticum 
ATCC 35319, reported that cellobiose/cellodextrin phosphorylase genes (GH94: Ccel_3412 and 
2109) were expressed when the organism was grown on cellulose (Avicel PH101) [224].  Although 
GH48 family CAZymes (Athe_1860, Athe_1857:CelF) were detected as abundant enzymes in all 
conditions,  Athe_1860 (consisting of GH74, GH48 and two CBM3) was significantly more 
abundant in cellobiose as compared to Avicel, and was also more abundant in xylose and 
switchgrass as compared to xylan and Avicel. In contrast, a previous study detected Athe_1860 as 
less abundant when grown in crystalline cellulose [59]. Similarly, CelF, a 
xylanase/cellobiohydrolase, was significantly more abundant in xylan, xylose, cellobiose and 
glucose as compared to Avicel.  
As opposed to the other substrates analyzed, switchgrass and xylan (Figure 5.5 E and F) are 
both comprised of C5 polysaccharides and correlated with increased abundance of ESBP family 1 
proteins, which play major roles in the transport/uptake of deconstructed oligomers using ATP 
[225]. Pullulanase, an amylolytic debranching enzyme, was highly abundant during growth under 
both conditions, and even more so during growth on xylan compared to switchgrass. This is 
reasonable given its debranching activity [226], which is discussed below. This is also in line with 
observations for pectate lyase, which was also highly abundant in these C5-containing biopolymers 
and known to be involved in the deconstruction of plant cell walls [227]. Finally, several flagellar 
associated proteins were highly abundant during growth on switchgrass and xylan and are likely 
associated with either motility behavior or adhesion to these specific substrates.   
5.3.5 Highly abundant proteins involved in C5 substrate utilization 
Several differentially abundant enzymes were detected when comparing C5 vs. C6 
substrates. Switchgrass was not included in this analysis because of its heterogeneous composition 
 134 
(both cellulose and hemicellulose). In total, 59 proteins were differentially abundant, with 39 
proteins specific to growth on C5 and the remaining 20 proteins specific to C6. The volcano plot 
in Figure 5.6 illustrates the proteins that were C5-specific (left side) or C6-specific (right side). 
Four ESBPs (Athe_0523, 2091, 2574, 0847) were significantly more abundant on C5 substrates 
relative to C6. In fact, not a single extracellular binding protein was more abundant when C. bescii 
was growth on C6 substrates. This indicates that the extracellular binding proteins may be more 
specific towards hemicellulose deconstruction – perhaps a more natural “condition,” especially in 
the case of C. bescii growing in the wild. This was also observed among the 14 PUFs that were 
specific to C5 substrates (Figure 5.6). Cell wall hydrolase (Athe_1080) was more abundant on C5 
substrates as well, with a fold-change difference of more than 8x. The GO-based functional 
annotation of this enzyme revealed that it is involved in peptidoglycan catabolism, specifically 
hydrolyzing the link between N-acetylmuramoyl residues and L-amino acid residues in cell wall 
glycopeptides [228].  
It therefore appears that proteins capable of extracellular solute binding and hydrolase 
activity were more specific towards C5 relative to C6 substrates. This trend holds true for other 
proteins linked to hemicellulose deconstruction, such as Athe_2091 and 0523. Athe_2091 was 
significantly more abundant during growth on xylan than glucose, cellobiose, Avicel and 
switchgrass.  Likewise, Athe_0523 was more abundant (by ~4x) compared to other substrates 
during growth on xylose and xylan, and was significantly more abundant on xylose compared with 
switchgrass and Avicel.  Evaluation by Gene Ontology (GO) terms revealed that these C5-specific 
proteins likely hydrolyze O-glycosyl compounds specifically.  
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Figure 5.6. Volcano plot showing differentially abundant proteins based on fold change versus t-
test probability. The plot is obtained with the proteomic approach when comparing extracellular 
proteome metrics obtained by growing C. bescii in C5 substrates versus C6 substrates. Green dots 
represent the proteins that have a p-value < 0.05 and >  2 fold change. The green dots on the left 
side of the plot are the proteins that are differentially more abundant and specific in C5 substrates. 
Similarly, green dots on the right side of the plot are the proteins that are differentially more 
abundant and specific in C6.  
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In contrast to C5-specific proteins, ten proteins were more abundant under growth with C6 
substrates. Xylose isomerase domain protein (Athe_0345), was ~16x more abundant in C6 relative 
to C5 (with a very low p-value). Even though the name suggests xylose isomerase activity, a 
BLAST search of Athe_0345 revealed 10 hits of 93-97% similarity with sugar phosphate 
isomerase, suggesting that this protein might not be specific to xylose but instead have a more 
general function towards C6 substrates. The results of BLAST hits and CDD domain matches are 
shown in Figure 5.7. In addition to Athe_0345, a couple of ABC transporter-related proteins 
(Athe_1109 and 0106) were more abundant in C6 substrates, likely indicating the importance of 
transport of glucose molecules. Interestingly, three PUFs were specific to C6 and were highly 
abundant, suggesting their potential importance to C6 utilization.  
Although switchgrass was excluded from the basic comparison discussed above because it 
contains both C5 and C6 sugars, it was still important to analyze this substrate in the context of all 
others and was thus included in the hierarchical clustering of abundance trends shown in Figure 
5.8. As expected, the extracellular protein profiles measured for xylan and xylose (C5) clustered 
together but were divergent from Avicel, cellobiose, and glucose (C6), which grouped similarly. 
Switchgrass was notably sandwiched between C5 and C6 substrates, with some proteins sharing 
abundance patterns similar to those observed for C5 sugars and others to C6. The highly abundant 
proteins measured in switchgrass that previously showed C5- or C6-only abundance patterns (i.e., 
sans switchgrass) are perhaps critical to the deconstruction of those specific substrates. C5-specific 
proteins that were highly abundant during growth on switchgrass also are highlighted in pink 
(Figure 5.8). Briefly, key GHs (Athe_1865, 0610, 0609), cell wall hydrolase (Athe_1080), ESBPs 
(Athe_2574, 0847), periplasmic binding proteins (Athe_0273), and PUFs (Athe_2464, 2720, 2719,  
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Figure 5.7. Conserved domain result of xylose isomerase activity of Athe_0345 
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Figure 5.8. Hierarchical clustering based on individual proteins z-score of the significant proteins 
(p-value < 0.05) obtained from pairwise comparison of C5 versus C6 substrates comparison. The 
red rectangular box shows the proteins that were most differentially abundant in C5/switchgrass 
and green rectangular box shows the proteins that were most differentially abundant in C5 
substrates only. 
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The reported abundances are z-scores of log2 transformed intensity. 
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2368) were C5 specific proteins that were highly abundant in switchgrass as well. These proteins 
likely drive the solubilization and utilization of C5 polymers derived from switchgrass. 
5.3.6 ESBPs and GHs are critical for deconstruction of complex substrates  
The next goal was to investigate the effect of general substrate complexity on the 
extracellular enzyme inventory. Thus, a comparison was made between simple and complex 
growth substrates; glucose, cellobiose and xylose were categorized as simple substrates, and 
Avicel, xylan and switchgrass were categorized as complex substrates. A total of 53 proteins were 
differentially abundant (p-value <0.05) between simple and complex growth conditions. A total of 
40 proteins had increased abundances in simple substrates compared to only 13 proteins in 
complex substrates Figure 5.9. Out of the 40 proteins more abundant on simple substrates, only 
three CAZYmes were identified.  Athe_1857 (CelF; a xylanase/cellobiohydrolase, which consists 
of GH10, 2 CBMs and GH48 for deconstruction of polymers), was slightly more abundant on 
simple substrates, with most of the increased abundance driven by C. bescii growth on cellobiose.  
Similarly, Athe_1860 (a probable cellobiohydrolase consisting of GH74, 2 CBMs and GH48) and 
Athe_2028 (a glucosidase and galactosidase involving NAD+ consisting of a GH4 domain) were 
also specific to growth on simple substrates.  
In contrast, among 13 proteins specific for growth on complex substrates (indicated by red 
box in heatmap, Figure 5.9), 8 were ESBP family 1 (Athe_0614, 0181, 0847, 2310, 0849, 2052, 
0399 and 2574), 3 were CAZymes: pullulanase, type I (Athe_0609), cellulase (Athe_0594 - CelD), 
glycoside hydrolase starch-binding (Athe_0610), and 2 were proteins of unknown function 
(Athe_1880, 2368). Three of the most abundant proteins specific to complex substrates (by ~8x-
256x) are Athe_0614, 0181 and 0847, which are ESBP family proteins that are functionally 
relevant to ABC transport. Since they were the most differentially abundant ESBPs, they likely  
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Figure 5.9. Hierarchical clustering based on individual proteins z-score of the significant proteins 
(p-value < 0.05) obtained from pairwise comparison of simple substrates versus complex 
substrates comparison. The black rectangular box shows the proteins that were most differentially 
abundant in complex substrates and red rectangular box shows the proteins that were most 
differentially abundant in simple substrates. 
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The reported abundances are z-scores of log2 transformed intensity. 
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have crucial roles in the deconstruction/utilization of complex substrates. Further differentiation 
amongst the ESBPs identified in the complex substrate cluster was observed. For example, 
Athe_0399, 2310, 2052 were more abundant only when C. bescii was grown on switchgrass or 
pure cellulose. This indicates that these ESBPs may be specifically involved in C6 oligomer 
deconstruction and uptake, since switchgrass and Avicel both contain C6 polymers. Conversely, 
ESBPs Athe_0849 and 2574 appear to share a proclivity towards C5 sugars present in xylan and, 
to a lesser extent, switchgrass – an observation that is especially evident with Athe_2574. 
Besides the family 1-type ESBPs, 5 additional proteins are specifically more abundant in 
complex substrates relative to simple substrates. These include GHs Athe_0594, 0609, and 0610 
and PUFs Athe_1880 and 2368. Athe_0609, a pullulanase type 1 enzyme, seems to be critical for 
the deconstruction of complex substrates. A search with InterProScan revealed its domain structure 
to contain an alpha-amylase domain (GH13), CBM48, CBM20, starch binding domain and 
pullulanase type I domain. Pullulanase, is a debranching enzyme involved in the hydrolysis of 
(1→6)-α-D-glucosidic linkages in pullulan, amylopectin and glycogen, as well as in the α- and β-
limit dextrins of amylopectin and glycogen [226, 229]. The major molecular functions of 
Athe_0609 are hydrolases activity and carbohydrate binding. Like its genomic neighbor, 
Athe_0610, consisting of CBM20 and a starch binding domain, was significantly more abundant 
on switchgrass and xylan relative to cellobiose and glucose. Since switchgrass also contains xylan, 
Athe_0610 might act specifically on xylan (C5) polymers. Both of these enzymes are encoded in 
the same operon and possess CBM20 and starch binding domains, suggesting their roles may be 
more diverse than their annotations suggest.  Athe_0594, otherwise known as CelD (note that a 
close homolog to this, Csac_0698, was previously characterized [230]), an endo-1,4-glucanase 
consisting of GH5 and CBM28, was also specific to growth on complex substrates. Known 
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activities for GH5 domains include: endo-β-1,4-glucanase; endo-β-1,4-xylanase; β-glucosidase; β-
mannosidase; glucan β-1,3-glucosidase; exo-β-1,4-glucanase / cellodextrinase; cellulose β-1,4-
cellobiosidase – all of which are vital for deconstruction of complex substrates.  
 
5.4 Conclusions 
This study was designed to examine changes in the extracellular protein inventory of C. 
bescii when the cellulolytic organism was grown on a variety of bioenergy-relevant substrates in 
order to identify key proteins responsible for substrate specific deconstruction and/or utilization. 
The substrates chosen ranged from simple (monomeric) to complex (polymeric) and varied in their 
general composition (C5 or C6 sugars). Lignocellulosic biomass (switchgrass) was included to 
provide not only a real-world deconstruction scenario but also to ‘bridge the gap’ between specific 
C5 and C6 model substrates.  The results showed that the nature of the carbon substrate (i.e. C5 
vs. C6) and complexity of the lignocellulose drive the abundance patterns of most of the ESBPs, 
GHs, and PUFs. This work found that most of the proteins encoded by Glucan Degradation Locus 
(GDL) was consistently highly abundant on all growth conditions and thus constitute much of the 
core extracellular proteome.  However, other GHs (Athe_0609, 0610) are strongly linked to the 
deconstruction and utilization of C5/complex substrates. Along with these GHs, certain ESBPs 
(Athe_0614, 2368) appear to be vital for xylan utilization and ABC-transport.   
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CHAPTER 6 
Integrated omics reveal that the swarming motility of Paenibacillus 
polymyxa is driven by phospholipid changes, surfactants, and 
flagellar activities 
Poudel, S., Giannone, R. J., Farmer, A. F., Campagna, S. R., Bible, A. N., Morrell-Favey, J. L., 
Elkins, J. G., Hettich, R. L. Integrated omics unravel the swarming motility of Paenibacillus 
polymyxa mainly driven by phospholipid changes, surfactants and flagellar activities. (Manuscript 
prepared)  
Suresh Poudel contributions included: Proteomics sample preparation, mass spectrometry 
measurement, data analysis, integration of omics (lipidomics and proteomics), design of follow up 
experiments, validation and collaborations, manuscript writing and revisions  
 
6.1 Introduction 
Microorganisms sense and respond to their surrounding environment, which can result in 
complex behaviors at the community-level. Swarming motility, a highly coordinated process in 
some bacterial populations to rapidly colonize a surface, obligately depends on cell-to-cell 
communication, and is known to be important in root colonization (in the case of rhizobacteria) or 
for rapid colonization of a specific tissue or internal prosthetic, in the case of pathogens. Both 
biofilm development and swarming motility depend not only on chemical sensing, but also 
mechanosensing of physical surfaces. It is known that the bacterial flagellum is important for 
surface sensing, and the slowing of flagellar rotational velocities due to its interaction with a 
surface triggers a specific transcriptional response [231]. However, there remain potentially 
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alternative forms of mechanosensing that are yet to be described, and understanding “the microbial 
sense of touch” is a hot topic in the field of biofilm formation and swarming motility [232].  
Swarming motility and swimming motility are active form of movements driven by 
flagella. Unlike swimming motility, swarming motility is driven by migration as multicellular 
groups across the surface [232]. Recently, Bacillus subtilis was shown to produce SwrD protein, 
which is involved in generating power via the flagellar stators. For B. subtilis to swarm, a net 
increase in flagellar thrust is needed. MotA and MotB were overexpressed in a swrD mutant 
suggesting their enhanced role in the absence of SwrD protein [233]. Besides, multicellular rafts 
of highly flagellated cells, swarming motility in B. subtilis requires the secretion of a surfactant 
[234, 235]. The surfactant acts as the lubricant to reduce the surface tension and create a thin layer 
of water on solid and semi-solid surfaces to facilitate movement along these surfaces, whereas an 
increase in the number of flagella might contribute towards increasing the total amount of thrust 
required to push the cells along the surface. These lipopeptide/surfactants can act as the wetting 
agents during bacterial growth on plates. This mechanism helps them to spread rapidly over 
surfaces [232]. Surfactants have been shown to be critical for swarming motility in undomesticated 
B. subtilis [234]. An enhanced spreading of B. subtilis 168 was seen by the overproduction of 
mycosubtilin, a lipopeptide [236]. A large bacterial locus that codes for non-ribosomal 
peptide/polyketide synthase has been detected in swarming Proteus mirabilis strain. Mutations in 
these loci leads to a swarming-defecting strain [237]. The importance of extracellular lipopeptide 
in swarming motility has been reported elsewhere as well [238-240]. Swarming behavior in 
bacteria is mainly observed due to changes in the environment, and a need for adapting to the new 
environment mainly by coordinating their growth and motility with other cells in the colony [241]. 
While swarming motility is described/studied in a number of bacterial species including B. subtilis 
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[232-234, 242-245], a comprehensive study on proteins or transcripts from the perspective of 
swarming motility is yet to be reported. Most of the studies is limited to microscopic studies of 
morphology.  
Paenibacillus spp. are genetically tractable Gram-positive bacterium, that are found in a 
range of soil, water, and rhizosphere environments. Many Paenibacillus spp. are known to be 
important endophytic, nitrogen-fixing rhizobacteria [246]. For example, P. polymyxa is used as a 
plant growth promoting rhizobacterium in horticulture and agriculture [247]; consists of a 
repertoire of biosynthetic genes for antibiotics and a number of extracellular hydrolytic enzymes 
[248-250]. Another striking feature of Paenibacillus spp. is that they possess complex cell-to-cell 
communication systems that influence highly organized multicellular structures [251]. In the 
Paenibacillus genus, Paenibacillus vortex is the most studied species to understand swarming 
behavior. The complex modular organization of P. vortex colonies is well studied in morphology, 
accompanied by high expressions of flagellar genes, and resistance towards antibiotics [252]. 
Increased induction of swarming motility in P. polymyxa E681 by a fungal secondary metabolite, 
is linked to increased transcriptional levels of sigF and hag genes [253].  
The genomic features of P. polymyxa ATCC 842 were first detailed in 2006, covering more 
than 60% of the sequences [254]. A subsequent study in 2011 released the draft genome of P. 
polymyxa ATCC 842 [248]. The striking capability of this organism to produce antibiotics and 
hydrolytic enzymes is understudied. Along with this ability, bacteria are also known to modulate 
their lipid membrane composition in response to environmental changes [255]. The combinations 
of head groups and acyl chain structures determine the physiochemical properties of the 
membrane, and bacteria will redistribute acyl chains and phospholipid moieties in response to their 
surroundings [256]. To our knowledge, this study is the first lipidomics analysis of P. polymyxa 
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and the first study to integrate proteomics and lipidomics data from any gram-positive bacteria. 
However, there are studies published on lipid composition for other Gram-positive bacteria 
including Streptococcus sp. and Bacillus subtillis. The major lipids detected in B. subtillis were 
phosphatidylglycerol (PG), cardiolipin (CL), phosphatidylethanolamine (PE), and 
lysophosphatidylglycerol (LPG) [257]. In a later report, B. subtilis was further investigated and 
PG, PE, and CL were found to be the most abundant phospholipids, phosphatidic acid (PA) and 
LPG were detected as well [258]. Research shows that Streptococcus mutants have CL and PG as 
their most abundant lipids [259]. This lipidomics study on swimming and swarming P. polymyxa 
cultures reflects published reports on the lipid composition of similar bacteria.  
This study aims to use extensive bioinformatics in the proteomics and lipidomics dataset 
generated for swimming and swarming P. polymyxa to unravel the key swarming features. This is 
the first study investigating the phospholipid composition of P. polymyxa during swarming 
compared to swimming. Further, this study identifies the possible roles of GHs, flagellar assembly, 
chemotaxis and production of wetting agents and surfactants in swarming motility along with the 
validation from gene expression using RT-PCR.  
6.2 Materials and Methods 
6.2.1 Bacterial strains and growth conditions 
Paenibacillus polymyxa ATCC842 was obtained from ATCC.  Throughout this study, 
Müller-Hinton media (Sigma-Aldrich) were used.  Swarming agar plates were made using Müller-
Hinton media with 1.7% agar.  Studies using cells grown in liquid media were performed by 
growing cells overnight with shaking at 30°C in 20 mL of media to a low optical density (OD600 
< 0.6) and collected by centrifugation (5000 rpm, 10 minutes) and washed once in sterile PBS 
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prior to analyses.  Studies using cells grown under swarming conditions were performed by 
inoculating the center of a Müller-Hinton swarming agar plate with 5 µl of liquid culture and 
incubated for 4 – 5 days prior to collecting cells from the outer 0.5 cm of the swarm edge.  Cells 
were collected using a sterile loop and scraping around the edges of the swarm and placing the 
collected cells in sterile PBS and washing once before pelleting the cells as described above. The 
effects of surfactants on swarming were tested by adding 10 µl of surfactin (Sigma) at indicated 
concentrations to the center of swarming agar plates and allowing the plates to dry overnight before 
inoculating as described above. 
6.2.2 Proteomics 
6.2.2.1 Proteome analyses using LC-MS/MS 
Cell pellets were resuspended in 250 µL of 4% sodium deoxycholate (SDC) in 100 mM 
ammonium bicarbonate (ABC) and boiled at 95°C for 5 minutes. These samples were sonicated 
until the cell pellet solubilized in the lysis buffer. The sample was then diluted in 250 µL of ABC 
to bring the SDC concentration to 2% and filtered using 10KDa spin column. 500 µL of ABC was 
added on top of the filter containing proteins, thus bring the concentration of SDC between 1-2%. 
The filter was vortexed and transferred to an Eppendorf tube. BCA was done to estimate the 
amount of crude protein. A 5 mM of DTT was added and incubated for 30 minutes at 37 C, 
followed by an addition of 15 mM IAA and kept in the dark for 30 minutes. Trypsin was added at 
the enzyme to protein ratio of 1:50, followed by an overnight incubation. The sample was then 
filtered using 10 KDa spin filter. 0.5% FA was added to the tryptic filtrate and SDC was 
precipitated out by centrifuging at maximum speed. The clear tryptic solution was transferred to a 
new tube and a BCA was done to estimate amount of tryptic peptide. 25 µg aliquot of peptides was 
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pressure loaded onto a biphasic back column, as described previously [260, 261]. Bound peptides 
were then washed, separated and analyzed by data-dependent MS/MS over 11 successive salt cuts 
of ammonium acetate. LC-resolved peptides were analyzed by a ThermoFisher LTQ-Orbitrap-
Velos mass spectrometer. 
6.2.2.2 MS database searching, data analysis and interpretation 
A Python wrapper (proteome analyzing pipeline) was built to search the database and to 
quantify the proteins. The pipeline (described in Chapter 3) was used to generate normalized 
protein intensity matrix. Each protein required a minimum of 2 peptide and 2 PSMs to become a 
true hit. Thus, the obtained normalized intensities of proteins were considered valid if a protein 
exists in 2 out of 3 replicates. The resulting matrix was log2 transformed and the imputation of 
values was chosen such that the imputed value falls at 2.8 standard deviation from the mean of the 
normally distributed histogram. Student’s t-test was performed, on swim versus swarm, to obtain 
the significant proteins and their p-values. To get an in-depth annotation of the proteins, eggNOG 
mapper [70], BlastKOALA [71] and Prokka [72] were used. The Gene Ontology [73] and KEGG 
map [74] obtained from eggNOG mapper were used for functional enrichments. The KEGG 
Orthology and EC numbers obtained from BlastKOALA and Prokka served as the basis for 
investigating different metabolic pathways. Homology searches of proteins from known metabolic 
pathways (B. subtilis and other Paenibacillus spp) were performed using BlastP.   
6.2.3 Lipidomics 
6.2.3.1 Extraction Methods: 
Lipids were extracted using a modified version of the protocol as published previously 
[262]. The pellet was resuspended in 1 mL of 95% ethanol, water, diethyl ether, pyridine, and 4.2N 
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ammonium hydroxide 15:15:5:1:0.18. 100 µL of glass beads were added, and the sample was 
vortexed. The sample was incubated in 60°C water bath for 20 min and was then centrifuged at 
10,000 x g for 10 min. The supernatant was removed and added to a vial to dry. This extraction 
was repeated, and the supernatant was added to the same vial for drying. Then 300 µL of water 
saturated butanol and 150 µL of water was added to the Eppendorf, vortexed, and centrifuged at 
10,000 x g for 2 min. The top butanol phase was placed in the same vial for drying. The aqueous 
phase was re-extracted with 300 µL of water saturated butanol, vortexed, and centrifuged at 10,000 
x g for 2 min and the top butanol phase was added to the same vial for drying. Lipid extracts were 
dried under N2, resuspended in 300 µL of MeOH:CHCl3 (9:1) and placed in an autosampler vial 
for MS analysis.  
6.2.3.2 LC-MS methods:  
An Ultimate 3000 autosampler and UPLC pump (Thermo Scientific, San Jose, CA) were 
used to separate extracted lipids on a Kinetex HILIC column (150 mm x 2.1 mm, 2.6 µm) 
(Phenomenex, Torrance, CA, USA). Analytes were then introduced to an Exactive benchtop 
Orbitrap mass spectrometer (Thermo Scientific, San Jose, CA) via an electrospray ionization (ESI) 
probe. The total run time for each analysis was 35 min with mobile phase A and B consisting of 
10 mM aqueous ammonium formate, pH 3 in 93% (v/v) ACN and 10 mM ammonium formate, pH 
3 respectively. A flow rate of 0.2 mL/min was used with the gradient as follows: t=0min 100% A, 
t=15min 81%A, t=15.1 min 48% A, t=25min 48% A, t=25.1min 100% A, t= 35 min 100% A. The 
temperature of the column oven was 25°C and the temperature of the autosampler was 4°C.  
All samples were analyzed in positive and negative mode with a resolution of 140,000k 
using a scan range of 100-1500 m/z. For both positive and negative mode analyses the ESI source 
settings were the same. For all analyses, the heated capillary was set to 350°C, the spray voltage 
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was 4kV, the sheath gas flow was set to 25 units, and the auxiliary gas set to 10 units. The standard 
calibration protocol from ThermoFisher was performed approximately every 48 hours for external 
mass calibration.  
Maven software was used to integrate the chromatographic peaks [263].  Lipids were 
identified using both the exact m/z of the parent ion and their respective RT. Concentrations were 
calculated by external calibration curves for lipid standards (Avanti Polar Lipids, Alabaster AL) 
from each of the following lipid classes: sulfoquinosyldiacylglycerol (SQDG), monogalacto 
diacylglycerol (MGDG), phosphatidylserine (PS), phosphatidylglycerol (PG), 
phosphatidylethanolamine (PE), phosphatidic acid (PA), cardiolipin (CL), ceramide (Cer), lyso 
phosphatidic acid (lysoPA), and lyso phosphatidylethanolamine (lysoPE). The following molecule 
classes were identified based on the exact m/z of the parent ions: sn-glycerol 3-phosphate (sn-
G3P), sn-glycero-3-phosphoethanolamine (sn- G3PE), sphingomyelin (SM), sulfatide (GalβCer), 
cytidine diphosphate diacylglycerol (CDP-DAG), lactosylceramide (LacCer), glucosylceramide 
(GlcCer), sn-glycero-3-phosphocholine (G3PC) and acetylcholine (AC). 
6.3 Results and Discussion 
6.3.1 Metabolomics reveals changes in phospholipid compositions in swarming P. polymyxa 
In response to environmental changes, bacteria usually alter the composition of the lipid 
matrix. The lipid matrix contains phospholipid head groups with attached acyl chains that usually 
contain 12-22 carbons with or without double bonds [264]. The combinations of head groups and 
acyl chain structures determine the physiochemical properties of the membrane, and bacteria will 
redistribute acyl chains and phospholipid moieties in response to their surroundings [265]. The 
lipidomics results in this study show differences in the concentration of headgroups present in the 
swarming bacteria compared to swimming bacteria, as shown in Figure 6.1A.  The bar-graph  
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Figure 6.1. Quantification of phospholipids: Liquid – swimming motility, Swarm – swarming motility A. Bar graph of the phospholipids 
quantified from swarming and swimming P. polymyxa. The y-axis is the amount of normalized phospholipid concentration and x-axis 
is the ranges of quantified phospholipids. The black bar represents the swimming motility and gray bar represents swarming motility. 
The samples were normalized by cell counts. B. Boxplots showing the normalized peak areas of phospholipids for swimming (blue) and 
swarming (green) culture. The samples were normalized by cell counts. The abbreviations for lipids are explained in methods. 
  
A B
Lipid standards
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clearly shows the significant differences in four headgroups (PA, SQDG, lysoPA and lysoPE), but 
not in remaining lipids (CL, Cer, MGDG, PE, PG and PS). Among the four lipids headgroups, PA, 
SQDG and lysoPE were of higher concentration in swarming bacteria and lysoPA was higher in 
swimming bacteria. Besides, these lipids, other intermediates (sn-G3P, sn-G3PE, SPH, SM, 
GalβCer, sufatide, CDP-DAG, LacCer, and GlcCer lipids) of glycerophospholipid and glycolipid 
metabolism were identified, and their relative abundances were measured. Normalized peak areas 
for these lipids are illustrated as boxplots in Figure 6.1B. Sn-G3P and SM were higher in 
swimming bacteria when compared to swarming whereas SPH was greater in swarming bacteria. 
These collective data suggest differences in the phospholipid composition between swarming and 
swimming phenotypes. These varieties of phospholipids are known to play important roles in the 
adaptation to the cell’s environment. PA serves as the universal precursor and central intermediate 
in the formation of membrane glycerolipids [265]. Condensation of two PAs forms another major 
phospholipid called CL, previously reported to vary depending on the cell’s physiological state 
and growth phases such as stationary phase [266], and energy deprived state [267]. 
A general pathway for the biosynthesis of CL starting from dihydroxyacetone (glycerone) 
phosphate in P. polymyxa is shown in Figure 6.2 along with the enzymes measured using LC-
MS/MS. As shown in Figure 6.2, gpsA was detected at higher levels in swimming cultures and 
thus correlates with the accumulation of sn-G3P in planktonic cells as measured by lipidomics. 
PlsX, responsible for conversion of sn-glycerol-3-phosphate to LPA, was highly abundant in both 
growth conditions although slightly higher in planktonic cells. However, LPA can also be 
accumulated in cells from 1,2-Diacyl-sn-glycerol in presence of diacylglycerol kinase (dagK). In 
P. polymyxa dagK exists in two copies dagK_1 and dagK_2, each copy was detected in very high 
abundance in swimming (~6x) and swarming (~18x) respectively, as shown in Figure  
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Figure 6.2. Metabolic fate of glycerol-3-phosphate: All the enzymes shown were measured by 
mass spectrometry. Glycerol-3-phosphate - G3P (central molecule) is the precursor for synthesis 
of glycerophospholipids. 1,2 diacyl-sn-glycerol can also form lyso PA that ultimately forms PA. 
Two dagK enzymes responsible for forming lysoPA are significantly upregulated with several 
folds in swimming and swarming condition. G3P can also be formed from glycerophosphodiester 
and proteins responsible for this step are specific for swarming activity suggesting a constant and 
active turnaround of G3P from phosphodiester. G3P can enter glycolysis too by converting into 
glycerone phosphate and glyceraldehyde-3-phosphate respectively and enzyme being specific to 
swarming motility. The red-colored enzymes are significantly higher in abundance in swarming 
motility and green-colored enzymes are significantly highly abundant in swimming motility. 
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6.2. This could suggest that P. polymyxa makes LPA using dagK. Thus, PA could be generated by 
plsC by the conversion of 1,2-Diacyl-sn-glycerol to PA, facilitated by diacylglycerol kinase 
(dagK). Presence of dagK_2 in such a high abundance in swarming bacteria may also corroborate 
the accumulation of PA in swarming bacteria (Figure 6.1A). As noted previously, B. subtilis 
produces surfactin when swarming, which enhances the level of CL in the membrane [268]. This 
is very interesting, because the protein responsible for surfactin production is significantly more 
abundant in swarming P. polymyxa along with other polyketide synthases and non-ribosomal 
peptidases (see below). Even though, lipidomics show only a slight accumulation of CL in 
swarming when compared to swimming bacteria, accumulation of PA, which condenses to form 
CL is noteworthy and significant in swarming bacteria.  
Some of the quantified lipids in this study also belong to sphingolipid metabolism. Both 
SM and SPH are involved in ceramide metabolism, conversion of SM to ceramide and reverse 
seems to be the major ceramide metabolism pathway in P. polymyxa as the measured concentration 
of ceramide was higher in swimming bacteria when compared to swarming bacteria. An interesting 
observation regarding the sphingolipid metabolism pathway emerges. The pathway from KEGG 
for reference genome SC2 indicates that there are three proteins known for this pathway. The 
homologs for these proteins in ATCC 842 were verified by different annotation tools used in this 
study. WP_019685818.1 has been annotated as cbgA gene by Prokka, a beta-galactosidase (lacZ1), 
hydrolyzes terminal non-reducing beta-D-galactose residues in beta-D-galactosides. CbgA is 
known to be involved in cortex formation and stress resistance in Myxococcus xanthus spores 
[269]. WP_019685818.1 was 98% identical with 100% coverage with PPSC2_01420 (lacZ1), was 
measured significantly differentially abundant (~8x fold change) in swarming bacteria. Three other 
beta-galactosidase enzymes (EC 3.2.1.23) were also significant and highly abundant in swarming 
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bacteria. The lipidomics analysis revealed the accumulation of lactosylceramide in swarming 
bacteria. LacZ1 can produce LacCer from GlcCer utilizing a galactose molecule as shown in 
Figure 6.2. The possible role of galactose metabolism in swarming bacteria is discussed later. To 
further delineate the roles of proteins in remodulation of lipid, a deeper level of proteome 
abundance profiling between swimming and swarming P. polymyxa is performed in this study.  
6.3.2 Proteomics reveals differential abundances in enzymes involved in extracellular 
activities in swarming 
This proteome dataset is the first comprehensive mass spectrometry measurement of P. 
polymyxa ATCC 842 to date. In Figure 6.3A and 6.3B, the number of peptides and proteins 
obtained from swarming cells (orange bar) and swimming cells (green bar) were compared. A q-
value threshold of 0.02 was applied at the PSM level for quantification. A total of 39179 peptides 
were quantified and a total of 3072 proteins were measured, which includes 790 TMHMM and 
PsortB predicted membrane proteins. Principle component analysis (Figure 6.3D) highlights the 
discrete grouping of biological replicates under two different conditions. The two conditions 
greatly overlapped in the proteins identified. In total, 2629 proteins (86%) were identified in both 
conditions. Even though a high percentage of overlap was observed, 233 proteins (7.5%) were 
only identified in the swarming bacteria and 210 proteins (6.8%) were identified only in the 
swimming bacteria as shown in the Venn-diagram (Figure 6.3C).  
Student’s t-test performed on swarming versus swimming bacteria revealed 1094 proteins, 
more than a third of the measured proteins that were different in two conditions with a p-value ≤ 
0.05. Among these proteins, 528 were differentially abundant in swarming and 566 were 
differentially abundant in swimming bacteria. All these significant proteins were plotted in the 
volcano plots to ascertain the biggest changes in terms of fold change difference and p-value.  
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Figure 6.3. Global proteome measurements in swimming and swarming P. polymyxa: A. Total 
number of quantified peptides; B. Total number of quantified proteins; C. Venn-diagram showing 
the total overlap of proteins and total unique proteins in swimming and swarming cultures; D. 
Visualization of protein distribution using PCA plot. Liquid – swimming motility, Swarm – 
swarming motility 
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The volcano plot shown in Figure 6.4A includes a total of 503 proteins and 502 proteins (p-value 
< 0.05 and fold change > 2x) in swarming and swimming condition respectively (indicated by 
green dots). Both of these clusters were investigated separately for the gene ontology terms and 
their enrichment. The enrichment results are presented as a pie-chart in Figure 6.4B.  
Briefly, Gene Ontology and KEGG enrichment reveals several key characteristics between 
swarming and swimming bacteria. The biggest difference for swarming bacteria when compared 
to swimming bacteria was the significant amount of GH activity, mostly catabolic processes which 
involves organic acids, carboxylic acid, pentose sugars and small molecules and pathways 
involving chemotaxis, 5-carbon sugar metabolism, fructose and mannose metabolism, TCA cycle, 
galactose metabolism. Ribosome-related pathways, pyrimidine metabolism, and seleno-compound 
metabolism were some of the enriched pathways in swimming bacteria (see Table 6.1). Swarming 
bacteria consists of differentially abundant proteins involved in cilium and flagellum-dependent 
cell motility, GH and membrane transport proteins. Swimming bacteria consisted of differentially 
abundant proteins involved in glycosyltransferase activity involved in lipopolysaccharide 
biosynthesis along with membrane transport proteins. This list of significant proteins (p-value < 
0.05 and fold change > 2x) also includes 139 and 118 membrane proteins significantly different in 
swarming bacteria and swimming bacteria respectively. 
6.3.3 Glycoside Hydrolases (GHs): measured highly abundant in swarming bacteria  
The draft genome of P. polymyxa ATCC 842 was further investigated for annotations 
(domains, EC numbers and KO terms). Based on the GO terms functional enrichment and the 
functional annotations, the proteins associated with hydrolase activity were monitored. A total of 
15 proteins measured by mass spectrometry were annotated as GH4, 5, 16, 28, 31, 43 and 48. 
Among these, 10 proteins were significantly differentially abundant in swarming bacteria ranging  
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Figure 6.4. Volcano plot, GO enrichment of MS measured proteins: A. Volcano plot -Green dots 
in the shaded regions are the proteins that have a p-value < 0.05 and FC > 1x (log scale); B. Gene 
Ontology enrichment. S – Swarming bacteria, L – Swimming bacteria 
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from 24x to 1242x fold changes. Seven of these GHs were measured only in swarming bacteria 
and may be below the detection level or absent in swimming culture suggesting their crucial roles 
in swarming motility. These proteins are capable of hydrolyzing a range of polysaccharides. For 
example, WP_019688246.1, GH5, is also known as cellulase (EC 3.2.1.4), is responsible for 
endohydrolysis of (1->4)-beta-D-glucosidic linkages in cellulose, lichenin and cereal beta-D-
glucans [138]. It was measured only under swarming conditions. Another highly abundant enzyme, 
WP_017426919.1, GH16, is known as beta-glucanase (EC 3.2.1.73), and catalyzes the hydrolysis 
of (1→4)-β-D-glucosidic linkages in β-D-glucans containing (1→3)- and (1→4)-bonds [270]. 
CelY (WP_019687208.1), GH48, was ~100x more highly abundant in swarming bacteria and is 
responsible for the hydrolysis of (1->4)-beta-D-glucosidic linkages in cellulose and cellotetraose, 
releasing cellobiose from the reducing ends of the chains (exoglucanase) [271]. It is very 
interesting to see all these GHs dominant in swarming conditions. This could be explained by P. 
polymxa’s ability to produce exopolysaccharide (EPS) [272-275], that consists of various sugars 
such as glucose, galactose, mannose and xylose [274]. Large amounts of EPS is known to play a 
crucial role in colonization or in the formation of biofilms in P. polymyxa [274, 276, 277] and 
other microbes [278-280]. The presence of exopolysaccharide would lead to a sessile lifestyle and 
its absence favors swarming motility [281]. Since the relationship of biofilm formation and 
swarming is inverse [282], in order to swarm, the organism needs to either hydrolyze large amounts 
of EPS or decrease the production. Recently, GH have been utilized to disrupt the P. aeruginosa 
biofilm [283]. So, the GHs detected in this study are the perfect candidates for hydrolyzing broad 
ranges of these EPS such as β-D-glucans. This further assists in the availability of nutrients which 
is crucial to sustain energy demanding mechanism such as metabolic cost associated with increased 
flagellar synthesis [284]. The upregulation of proteins involved in the TCA cycle (Table 6.1) also  
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Table 6.1. KEGG pathway enrichment in swarming bacteria and swimming bacteria 
  
KEGG Pathway 
P-value (BH 
adjusted) < 0.05 
Pathways enriched in swarming bacteria 
map01100_Metabolic pathways 1.46E-09 
map02030_Bacterial chemotaxis 4.49E-05 
map00030_Pentose phosphate pathway 0.019011534 
map01110_Biosynthesis of secondary metabolites 1.61E-05 
map01120_Microbial metabolism in diverse environments 2.12E-05 
map00051_Fructose and mannose metabolism 0.007826065 
map00040_Pentose and glucuronate interconversions 4.19E-07 
map02020_Two-component system 0.031028479 
map00363_Bisphenol degradation 0.026683197 
map00625_Chloroalkane and chloroalkene degradation 0.025922718 
map00500_Starch and sucrose metabolism 0.00185018 
map00020_Citrate cycle (TCA cycle) 0.002481061 
map00720_Carbon fixation pathways in prokaryotes 0.026683197 
map04626_Plant-pathogen interaction 0.026683197 
map00052_Galactose metabolism 0.017939536 
map00730_Thiamine metabolism 0.021470413 
map00740_Riboflavin metabolism 0.026683197 
map00380_Tryptophan metabolism 0.021470413 
map04973_Carbohydrate digestion and absorption 0.008902383 
Pathways enriched in swimming bacteria 
map03010_Ribosome 0.040614334 
map01100_Metabolic pathways 8.51E-06 
map01110_Biosynthesis of secondary metabolites 0.022710687 
map00240_Pyrimidine metabolism 0.004298894 
map00450_Selenocompound metabolism 0.014127524 
map00250_Alanine, aspartate and glutamate metabolism 0.022710687 
map05120_Epithelial cell signaling in Helicobacter pylori 
infection 
0.029663556 
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explains the generation of more energy during swarming motility. Hydrolytic enzymes are also 
known to be fungal antagonists as they can degrade the complex cell wall structures [285, 286]. 
This could also illustrate the defense mechanism needed during swarming motility.  
It has been previously shown that deletion mutations of P. polymyxa E681 α-amylase and 
β-amylase genes PPE_02348 and PPE_04705, lead to full inhibition of starch degradation on the 
plate assay confirming that both genes are required for starch utilization in E681 strain [287]. 
Using eggNOG mapper, WP_019687231.1 was annotated as the ortholog of PPE_02348.  Further, 
a simple BlastP homology search of PPE_04705 has shown 40% identity with WP_019687823.1. 
Both of these proteins were present only in swarming bacteria, and thus might play a crucial role 
in breakdown of starch and enhance swarming motility in P. polymyxa ATCC 842. Other 
hydrolases that were highly abundant in swarming bacteria are reported in Table 6.2 along with 
their activities such as chitinase, xylosidase and arabinosase. WP_019686312.1, alpha-
galactosidase, capable of hydrolyzing terminal non-reducing alpha-D-galactose residues in alpha-
D-galactosides was measured ~70 folds higher in swarming bacteria. This enzyme is associated 
with several KEGG pathways (ko00052-Galactose metabolism, ko00561-Glycerolipid 
metabolism, ko00600-Sphingolipid metabolism, ko00603-Glycosphingolipid biosynthesis - globo 
and isoglobo series) and is capable of 12 different enzymatic reaction. 
6.3.4 Key characteristics of swarming P. polymyxa ATCC 842 
Some of the most important requirements for swarming motility are flagellar biosynthesis, 
cell-cell interactions and surfactants as the wetting agent [232]. Several flagellar assembly 
associated proteins were detected as differentially highly abundant in swarming motility when 
compared to swimming motility. Inspection of the annotation results from BlastKOALA, twenty-
eight proteins measured in MS were associated with flagella motility and biosynthesis (Table 6.3).  
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Table 6.2. GHs specific to swarming motility (S-swarm, L-swim); highly abundant and significant 
Locus tag FC (S-L) log2 
Prokka 
gene Prokka EC Prokka annotation HMM annotation KO 
WP_019685857.1 5.34 abn2_1 3.2.1.99 
Extracellular endo-alpha-(1-
>5)-L-arabinanase 2 GH family 43 K06113 
WP_019687208.1 6.70 celY 3.2.1.91 Exoglucanase-2 GH family 48  
WP_017426919.1 9.02  3.2.1.73 Beta-glucanase GH family 16  
WP_019688666.1 6.47 chiA1 3.2.1.14 Chitinase A1 GH family 81  
WP_019686956.1 4.61 yicI 3.2.1.177 Alpha-xylosidase GH family 31 K01811 
WP_019688013.1 6.50 pgl_3 3.2.1.15 Polygalacturonase GH family 28  
WP_019686294.1 4.63 hypBA2 3.2.1.187 Beta-L-arabinobiosidase GH family 5  
WP_019686312.1 6.10 melA_2 3.2.1.22 Alpha-galactosidase GH family 4 K07406 
WP_019688246.1 10.28  3.2.1.4 Endoglucanase E1 GH family 5 K01179 
WP_019688934.1 5.59    GH family 43 K06113 
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Seven more proteins were identified by Prokka and eggNOG mapper to be involved in flagellar 
activity. In total 35 proteins were detected to be associated with flagellar activity; among them, 10 
proteins were significantly differentially abundant in swarming bacteria compared to only two 
statistically significant and differential proteins in swimming bacteria. Flagellin, FliC is the basic 
subunit that polymerizes to rigid flagellar filament [288]. A study in swarming undomesticated B. 
subtilis has shown that the hag/flagellin mutant is deficient in flagellum biosynthesis and swarming 
[234]. Protein Blast results of the Bacillus hag protein reveals 100% query coverage and 48% 
identity with WP_019688791.1. WP_019688791.1 was highly abundant (p-value = 0.009; FC = 
3.5x) in swarming bacteria compared to swimming bacteria. This protein is annotated as hag/fliC, 
flagellin with a KEGG ortholog of K02406. Some of the other flagellar proteins that were 
differentially abundant and statistically significant are described now.  FliO, FliI and FliQ, 
responsible for the type III secretion system and FliA, FliC and MotA are part of the flagella 
regulon and all of them are highly abundant swarming bacteria. FliA regulates the expression of 
genes involving flagellin production, initiation of flagella filament assembly and length control, 
chemotaxis regulator, motor rotation, FliA-specific anti-sigma factor [289], and swarming motility 
in P. aeruginosa [290] and thus it might be critical in swarming P. polymyxa. A recent study 
showed an uncharacterized protein encoded by the ylzI gene in B. subtilis promotes swarming and 
increases power to flagellar motors [233]. Protein Blast reveals that this protein was 87% similar 
and 47% identical with WP_013370683.1 in P. polymyxa ATCC 842 (Figure 6.5A), annotated as 
flagellar protein FlbD. Moreover, this protein was detected significantly highly abundant (~6x) in 
swarming conditions when compared to swimming culture.  
Previous findings have revealed that E. coli and Salmonella need an additional protein 
called FliL for swarming, which would allow flagella to survive higher torque on swarm agar  
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Figure 6.5. Possible flagellar proteins (FlbD and FliL) predicted by annotation tools using 
domains, and sequence homology. BLASTp results A) YizI protein from B. subtilis was 48% 
identical with WP_013370683.1, also identified by BLASTKoala as FlbD  B) FliL protein B. 
subtilis was 37% identical with WP_013370684.1 and all the used annotation tools predicted it to 
be FliL 
  
Query: YizI protein B. subtilis
WP_013370683.1 
87% similar  
47% identical  
BLASTKoala annotated as flagellar protein FlbD
Query: FliL protein B. subtilis
WP_013370684.1  
97% similar  
37% identical  
Annotated FliL from all annotation tools
A B
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[291]. Thus, flagellar protein FliL from B. subtilis was queried against P. polymyxa ATCC 842 
and searched for conserved domains. A 97% query coverage and 37% sequence identity were seen 
with WP_013370684.1 with the conserved domain of FliL from three different databases (Figure 
6.5 B). FliL was highly abundant in both growth conditions but was slightly higher in swarming 
bacteria. The annotation and abundance details of these flagellar proteins are given in Table 6.3. 
FliG, FliN, FliM forms the rotor-mounted switch complex (C ring), located at the base of the basal 
body and this complex interacts with the CheY chemotaxis proteins, whose activity is regulated 
by the other components of the chemotaxis system [292]. It has been previously suggested that the 
components of the chemotaxis system play a key role in swarming [293]. Tumbling and flagellar 
rotor switching have been impactful during swarming [294]. During chemotaxis, sensing of 
chemoattractant is mediated by the N-terminal sensory domain of methyl-accepting chemotaxis 
proteins (MCP) that are embedded in the cytoplasmic membrane, and transmitted to the C-terminal 
signaling domain localized in the cytoplasm [295]. MCPs are connected to the histidine kinase 
CheA via CheW (a linker protein). On activation of CheA, it phosphorylates CheY, which binds 
to FliM, the switch protein of the flagellar motor and change the direction of rotation [295]. CheR 
constantly adds methyl groups from S-adenosylmethionine to the conserved methylation sites on 
the chemoreceptors and thus suppresses the signal. Conversely, CheB, activated by CheA via 
phosphorylation, removes the methyl group from MCPs restoring their signaling ability [295]. In 
total, 21 proteins were annotated as MCPs and 20 were measured in this study. Out of 11 
significantly differential proteins, 10 of them were highly abundant in swarming bacteria, 
suggesting a role for chemotaxis and possible generation of chemoattractants that trigger 
chemotaxis. However, because the affinity of MCPs change so quickly, contribution of MCPs 
towards swarming can only be revealed by monitoring their de/methylation activity. Even in the  
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Table 6.3. Flagellar activity associated proteins measured by mass spectrometry 
MS Experiment eggNOG mapper BlastKOALA 
Locus_tag p_value FC 
(Swarm 
- 
Swim)* 
predicted 
gene 
name 
HMM_model_annotation KO 
WP_007430020.1 0.09 -4.38 FLIE flagellar hook-basal body 
complex protein fliE 
K02408 
WP_007430038.1 0.01 -6.39 FLIQ Flagellar biosynthetic protein fliq K02420 
WP_013368735.1 0.21 0.91 MOTB ompa motb domain protein K02557 
WP_013368736.1 0.01 3.87 MOTA MotA TolQ exbB proton channel K02556 
WP_013370674.1 0.12 1.21 FLIG D1 K02410 
WP_013370683.1 0.00 2.46 FLBD flagellar FlbD family protein K02385 
WP_013370684.1 0.08 0.59 FLIL flagellar basal body-associated 
protein 
 
WP_016820948.1 0.07 2.10 FLIF D2 K02409 
WP_016820950.1 0.01 5.46 FLII Flagellum-specific ATP synthase K02412 
WP_016820955.1 0.00 2.30 FLGG flagellar K02390 
WP_016820956.1 0.23 0.83 FLIM D3 K02416 
WP_016820957.1 0.45 1.13 FLIY Flagellar motor switch protein K02417 
WP_016820963.1 0.00 1.63 FLHA Flagellar biosynthesis protein 
flha 
K02400 
WP_016820968.1 0.04 2.99 FLIA D4 K02405 
WP_016821367.1 0.21 -1.26 
   
WP_016822895.1 0.89 0.18 FLGG flagellar basal-body rod protein 
FlgG 
K02392 
WP_016822917.1 0.15 5.30 FLGM Anti-Sigma-28 factor, FlgM 
 
WP_017427929.1 0.01 2.03 FLIZ flagellar K02418 
WP_019686118.1 0.21 -2.35 
   
WP_019686456.1 0.16 1.71 
   
WP_019686986.1 0.85 -0.68 FLGB D5 K02387 
WP_019686987.1 0.06 3.55 FLIH Flagellar assembly protein K02411 
WP_019686993.1 0.01 2.27 FLHF flagellar biosynthesis regulator 
FlhF 
K02404 
WP_019687772.1 0.04 -6.16 
   
WP_019688756.1 0.46 -1.59 MOTA MotA TolQ exbB proton channel K02556 
WP_019688788.1 0.68 -1.11 FLIS flagellar protein FliS K02422 
WP_019688789.1 0.87 -0.46 FLID flagellar hook-associated K02407 
WP_019688790.1 0.06 -1.57 FLAG flagellar protein FlaG K06603 
WP_019688791.1 0.01 1.78 FLIC Flagellin K02406 
WP_019688794.1 0.00 2.08 FLIW D6 K13626 
WP_019688795.1 0.74 -0.32 FLGL flagellar hook-associated protein K02397 
WP_019688796.1 0.93 -0.03 FLGK flagellar hook-associated protein K02396 
WP_019688798.1 0.75 0.10 YVYF flagellar protein 
 
WP_029514992.1 0.55 -1.78 FLIR D7 K02421 
WP_080561184.1 0.08 5.65 YVYF flagellar protein 
 
* - values are in log2 
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Table 6.3. Continued 
D1: FliG is one of three proteins (FliG, FliN, FliM) that forms the rotor-mounted switch complex 
(C ring), located at the base of the basal body. This complex interacts with the CheY and CheZ 
chemotaxis proteins, in addition to contacting components of the motor that determine the 
direction of flagellar rotation (By similarity) 
D2: The M ring may be actively involved in energy transduction (By similarity) 
D3: FliM is one of three proteins (FliG, FliN, FliM) that forms the rotor-mounted switch complex 
(C ring), located at the base of the basal body. This complex interacts with the CheY and CheZ 
chemotaxis proteins, in addition to contacting components of the motor that determine the 
direction of flagellar rotation (By similarity) 
D4: Sigma factors are initiation factors that promote the attachment of RNA polymerase to specific 
initiation sites and are then released (By similarity) 
D5: Structural component of flagellum, the bacterial motility apparatus. Part of the rod structure 
of flagellar basal body (By similarity) 
D6: Binds to the C-terminal region of flagellin, which is implicated in polymerization, and 
participates in the assembly of the flagellum (By similarity) 
D7: Role in flagellar biosynthesis (By similarity) 
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absence of upstream components of chemotaxis, a constitutively active form of CheY was found 
to promote swarming [296]. CheY is significantly highly abundant in swarming conditions, but 
since this enzyme is regulated via phosphorylation it is hard to predict the activity. Based on 
abundance, CheA, CheW, CheY, MCPs and MotA are significantly abundant in swarming bacteria 
when compared to swimming bacteria. Interestingly, multiple copies of CheR exists in P. 
polymyxa possibly suggesting a dual flagellar system or dual chemotactic mode. CheR 
(WP_017425950.1) was 4-5x higher in abundance in swarming bacteria, whereas 
WP_013371673.1, another copy of CheR was 3-4x higher in abundance in swimming bacteria. 
Also, CheX which possesses the ability to block the phosphorylation of CheY, was significantly 
abundant in swimming bacteria suggesting less flagella associated activity in swimming bacteria. 
Swarming bacteria, if they rely on the rotation of flagella to cope with the friction in the plate, 
would try to restrict the phosphatase activity of CheX. A possibility of ribose and galactose acting 
as the signal for chemotaxis and swarming motility is seen with rbsB (ribose transport system 
substrate binding protein) existing in two copies and both copies being significantly highly 
abundant (7x and 21x) in swarming bacteria. This has been further corroborated with upregulation 
of the pentose phosphate pathway, pentose and glucuronate interconversions and galactose 
metabolism pathways being significant in swarming when compared to swimming bacteria. Based 
on all these observations a likely chemotaxis model for P. polymyxa is depicted in Figure 6.6. 
Further, CheR (WP_017425950.1) and MCP (WP_019688156.1) were also monitored for the gene 
expression using RT-PCR. These results were further validated using RT-PCR in order to show an 
increase in gene expression during swarming, compared to swimming (Figure 6.7). Overall, it 
seems both chemotaxis and the flagellar assembly system in ATCC 842 are critical for swarming 
motility. 
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Figure 6.6. Proposed model for chemotaxis and flagellar assembly in P. polymyxa. Only the 
proteins measured and detected by mass spectrometry are considered in this model. The red color 
indicates the significantly higher abundance of protein in swarming motility, green color indicates 
significantly higher abundance of protein in swimming motility, yellow color indicates no 
significant difference in protein abundance in both motility and brown color indicate the multiple 
copies of protein detected significant in both motility. MCP – methyl chemotaxis proteins; A, B, 
C, D, R, W, X and Y are Che proteins; +p – phosphorylation 
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6.3.5 Proteomics predicts potential wetting agents/surfactants that might be critical for 
swarming motility in P. polymyxa  
One of the key features of swarming bacteria is production of surfactants. In this section, 
potential non-ribosomal lipopeptides, or proteins that can act as the lubricants or wetting agents 
are explored. The draft genome sequence of P. polymyxa ATCC 842 consists of a repertoire of 
biosynthetic genes for antibiotics [248]. Other strains of P. polymyxa have also been investigated 
for potential lipopeptide antibiotic production using extensive bioinformatics [250, 297-300]. 
Swarming bacteria are known to secrete extracellular wetting agents or biosurfactants which 
function to reduce the surface tension between the substrate and the bacterial cell. This study 
reveals several candidates for potential wetting agents for P. polymyxa. A total of 16 different 
enzymes measured by MS are annotated as polyketide synthase in P. polymyxa. Polyketide 
synthase, a multienzyme complex, can synthesize molecules via successive condensation of small 
carboxylic acids [237]. The UniProt enzymes coding polyketide synthase in B. subtilis 168 were 
compared with these annotated enzymes. A total of 16 enzymes were detected, and 14 of these 
enzymes are encoded by the consecutive stretch of genes located in the same operon in the genome 
starting from 3740422 bp- 3804256 bp. Among these 16 enzymes, 10 enzymes were significantly 
different, and belong to the operon of these 14 enzymes. Interestingly, all these enzymes were 
highly abundant in swarming bacteria indicating the importance of polyketides in swarming 
motility (Table 6.4). WP_016822428.1, annotated as pksD (polyketide biosynthesis 
acyltransferase) was detected only in swarming bacteria (all replicates).  
A product of pksX gene cluster (~80kb) has been identified to encode bacillaene in B. 
subtilis [301]. The bacillaene is a linear molecule with two amide bonds linking an α-hydroxy 
carboxylic acid to a ω-amino carboxylic acid containing a conjugated hexaene, and the hexaene- 
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Table 6.4. Proposed bacillaene PKS module in P. polymyxa (S-swarm, L-Swim) 
Protein Pvalue FC 
(S-L) 
log2 
Gene 
start 
Gene 
end 
Gene EC 
number 
Protein description 
WP_019687989.1 0.46 -0.68 3740422 3742773 pksE 
 
Polyketide 
biosynthesis protein 
PksE 
WP_016822428.1 0.00 6.34 3742805 3743758 pksD 2.3.1.- Polyketide 
biosynthesis 
acyltransferase PksD 
WP_016822429.1 0.02 3.62 3743821 3744696 sadH 1.-.-.- Putative 
oxidoreductase SadH 
WP_019687990.1 0.00 3.67 3744756 3753674 pksN_2 2.3.1.- Polyketide synthase 
PksN 
WP_019687991.1 0.00 2.90 3753706 3767112 pksM 
 
Polyketide synthase 
PksM 
WP_019687992.1 0.00 2.53 3767163 3786932 pksL 
  
WP_049789246.1 0.00 2.18 3787775 3797348 pksJ 
 
Non ribosomal peptide 
synthase 
WP_016821481.1 0.01 1.43 3797581 3798330 pksI 4.-.-.- Putative polyketide 
biosynthesis enoyl-
CoA isomerase PksI 
WP_019687993.1 0.03 3.72 3798377 3799138 pksH 4.2.1.- putative polyketide 
biosynthesis enoyl-
CoA hydratase PksH 
WP_016821483.1 0.09 1.36 3799135 3800397 pksG 2.3.3.- Polyketide 
biosynthesis 3-
hydroxy-3-
methylglutaryl-ACP 
synthase PksG 
WP_019687994.1 0.08 3.05 3800413 3801660 pksF 4.1.1.87 Polyketide 
biosynthesis malonyl-
ACP decarboxylase 
PksF 
WP_016821485.1 0.00 2.88 3801638 3801877 acpK 
 
Polyketide 
biosynthesis acyl-
carrier-protein AcpK 
WP_019687995.1 0.02 1.80 3801903 3802664 
  
hypothetical protein 
WP_019687996.1 0.13 -1.77 3803621 3804256 baeB 3.-.-.- putative polyketide 
biosynthesis zinc-
dependent hydrolase 
BaeB 
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containing carboxylic acid to an (ω-1) amino carboxylic acid containing a conjugated triene 
respectively [301]. Previously, the Δbae mutant strain of B. subtilis, which is incapable of 
producing bacillaene was determined to be significantly defective in swarming [302]. According 
to KEGG Brite, the bacillaene PksX synthase consists of pks (E, D, J, L, M, N and R) [74]. Besides 
these, other genes have also been reported to be present in PksX mega gene cluster in B. subtilis 
that encodes an unusual hybrid polyketide/nonribosomal peptide synthase that leads to the 
production of a uncharacterized antibiotic bacillaene [301, 303]. From the predicted annotations, 
all of these except pksR were measured by mass spectrometry as shown in Table 6.4.   
Except pksE, all others were significantly different in swarming bacteria when compared 
to swimming bacteria. These observations indicate that P. polymyxa might overproduce a protein 
similar to bacillaene during swarming motility that might play a crucial role in minimizing the 
surface tension to ease the spreading of bacteria. Pks (H, J and L) and acyltransferease genes were 
investigated for gene expression using RT-PCR (as shown in Figure 6.7). PksH was expressed 
only in swarming bacteria, whereas PksJ and acyltransferase was detected highly expressed in 
swarming bacteria when compared to swimming bacteria.    
6.3.6 Surfactin enhances swarming capability of P. polymyxa 
Besides Pks, surfactin is known to be vital for swarming motility in Gram-positive bacteria 
[244, 304, 305]. There is also an indication of overproduction of surfactin in swarming P. 
polymyxa. The two proteins srfAA_3, 4 (WP_019687277.1 and WP_019687302.1), surfactin 
synthase subunit 1, were detected ~3x higher, WP_019687302.1 being significantly different. RT-
PCR also revealed the increased expression of WP_019687302.1 in swarming compared to 
swimming (Figure 6.7A). In order to further examine the role of surfactin on swarming motility in 
P. polymyxa, swarming assays on agar plates was performed with varying concentrations of  
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Figure 6.7. Follow up experiments to look at the expression of some highly abundant proteins and surfactin’s role in swarming  A. 
Normalized RT-PCR data performed on P. polymyxa by growing them on liquid media (L) versus the swarm edge (S). Most of the genes 
that belongs to PKS were seen upregulated in swarming compared to swimming bacteria. Some chemotaxis-related genes (CheR1 and 
MCP) were seen upregulated in swarming bacteria. Surfactin (srfAA_4), significant with proteomics experiment, was also significantly 
upregulated in swarming bacteria when compared to swimming. B. An exogenous addition of commercial surfactin (20 µg) dramatically 
enhances the swarming phenomenon in P. polymyxa. Bacteria was allowed to swarm in Muller-Hinton Agar (1.7% agar) for 2 day
A B
0 µg surfactin 20 µg surfactin
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surfactin.  Compared to an untreated control, the addition of surfactin to the swarming agar plate 
dramatically increased swarming motility (Figure 6.7B).  The observation that addition of surfactin 
increased motility re-emphasizes the important role of surfactant production in the behavior and 
lifestyle of P. polymyxa. 
6.3.7 Glycerol - a possible precursor to fulfil energy supply in swarming bacteria 
In B. subtilis, the glpPFKD region consists of genes that are crucial for an organism’s 
growth on glycerol or glycerol 3-phosphate (G3P) [306]. Although not much is known about P. 
polymyxa glycerol metabolism, lipidome and proteome in this study has provided some valuable 
insights on the regulation of glycerol in swarming bacteria when compared to swimming bacteria. 
Glycerol-3-phosphate was identified by its parent m/z (Figure 6.1B) to have accumulated more in 
swimming bacteria when compared to swarming bacteria suggesting accumulation of glycerol-3-
phosphate rather than utilization. As previously mentioned, swarming bacteria need more glucose 
for the generation of ATP, so glycerol might serve as an intermediate to energy-producing 
pathway.  Glycerol-3-phosphate in P. polymyxa can be formed via glycerone phosphate, an 
intermediate of glycolysis or could also result from the phosphorylation of glycerol and go on to 
form glycerone phosphate (create an intermediate for glycolysis). Enzymes capable of doing either 
of these processes have been detected and measured by mass spectrometry in this study. In 
swarming bacteria, the latter process seems vital, mainly because some glucose starving proteins 
are highly abundant and conversion of glycerol to glycerone phosphate can replenish the 
intermediate for glycolysis. Three homologs (WP_019688908.1, WP_016818622.1 and 
WP_019688560.1) of glycerol kinase (EC 2.7.1.30), glpK, were measured by mass spectrometry. 
As shown in Figure 6.2, two of these homologs are significantly differentially abundant (6x and 
13x) in swarming bacteria. Glycerophosphodiester can also be hydrolyzed to sn-glycerol-3-
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phosphate by glycerophosphoryl diester phosphodiesterase (EC:3.1.4.46), glpQ. It can release sn-
glycerol 3-phosphate from a broad range of substrates; glycerophosphoethanolamine, 
glycerophosphocholine, glycerophosphoglycerol, and bis(glycerophospho) [307]. 
WP_019685880.1, glpQ, was measured significant and differentially abundant (6x) in swarming 
when compared to swimming bacteria. Another protein, WP_019686899.1, with unknown 
functions, which was also annotated as glpQ in this study, was highly abundant in swarming 
bacteria. This protein also contains a ugpQ domain along with glycerophosohodiester 
phosphodiesterase activity, similar to WP_019685880.1. There was no proteomic evidence of ugp 
operon expressed proteins in P. polymyxa. UgpQ is known to function even in the absence of the 
ugp operon, and E. coli is known to utilize glycerophosphodiesters with the help of two 
homologous enzymes, UgpQ and GlpQ [308, 309]. All of these enzyme abundances suggest that 
there is an accumulation of glycerol in swarming bacteria which is actively converted to sn-
glycerol-3-phosphate. Glycerol-3-phosphate dehydrogenase (glpD) is capable of converting sn-
glycerol-3-phosphate to glycerone phosphate (dihydroxyacetone phosphate), an intermediate of 
glycolysis. This enzyme (WP_019688907.1) was also ~6-fold higher with a p-value < 0.05 in 
swarming when compared to swimming. The genes coding for WP_019688907.1: glpD, 
WP_019688908.1:glpK_3 and WP_019688909.1:glpP were detected in an operon glpPKD, and 
the entire operon was significantly upregulated in swarming bacteria. Glycerol uptake and 
equilibration of concentration gradients in bacteria is controlled by the glycerol diffusion 
facilitator, an integral membrane protein [306]. In B. subtilis, glpF, the glycerol uptake facilitator, 
is located immediately upstream of glpK and the two genes were shown to constitute one operon 
which is transcribed separately from glpP [306]. Glycerol-3-phosphate is not the substrate of glpF, 
thus uptake of glycerol by the cell is dependent highly on phosphorylation of glycerol by glycerol 
 178 
kinase [310]. WP_019688424.1 (glpF), was detected and measured as highly significant and 
abundant (~53x) in swimming bacteria. The gene that codes for glpF was adjacent to another gene 
that codes for glpK_1, another probable operon, that controls glycerol regulation. Interestingly, 
this glpK_1 (WP_016818622.1), discussed above, was several folds highly abundant in swarming 
bacteria. Thus, the glycerol utilization in swimming bacteria seems to be via another pathway in 
contrast to the catabolism proposed (Figure 6.2) for swarming bacteria.  
6.4 Conclusions 
Overall, this study has provided several novel findings particularly with P. polymyxa 
ATCC 842 swarming motility. Since very less is known about the proteins and their possible roles 
in this strain, an extensive bioinformatics quest for the annotations was done in this study. This 
includes the use of PROKKA, Interproscan, EggNOG mapper and BlastKOALA. Using these 
annotations, along with proteomics and lipidomics this strain’s swarming features have been 
unraveled. This is the first study that reveals the changes in phospholipid composition of P. 
polymyxa during swarming compared to swimming. Further, the proteomics and lipidomics study 
suggest possible glycerol utilization pathway during swarming motility. The key characteristics of 
swarming P. polymyxa have been studied using proteomics. These features include possible roles 
of GHs, flagellar assembly, chemotaxis and production of wetting agents and surfactants. The 
expressions of some key genes were further validated using the RT-PCR. Finally, surfactin protein 
was detected in high abundance in swarming P. polymyxa and their role in enhancing the swarming 
motility has been demonstrated using commercially available surfactin. 
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CHAPTER 7 
An experimental and computational approach for the 
characterization of proteins of unknown function (PUFs) in 
Clostridium thermocellum DSM 1313 
Suresh Poudel contributions included: Experimental Design Sample preparation, mass 
spectrometry measurement, data analysis, manuscript writing and revisions 
Alex Cope contributions include: Construct network and subnetworks, and network generation 
method write-up.  
 
7.1 Background 
It has been little over two decades since the first completely sequenced bacterial genome 
was released [311, 312]. With the reduction of sequencing prices, the microbial genomes have 
been become available at an exponential rate [313]. Using the current sequencing technologies, it 
is possible to sequence a bacterial genome within few hours. The information that a genome 
encompasses is decoded by annotation procedures, followed by depositing of these annotated 
microbial genome sequences in public sequence repositories such as GenBank [314], which 
validates the data on genome and ensures the consistent formats with prior genomes. NCBI’s 
RefSeq [315], is a secondary public data repository, that further curates the data from these primary 
sources to give higher quality annotations using manual and computational methods. In spite of 
such efforts to improve the annotations quality and completeness, incomplete annotation along 
with erroneous information still prevails in these repositories [316]. One of the biggest problems 
with genome annotation is that the annotations are not fully updated in these repositories even 
 180 
though knowledge of genes have been improved. For example, if a gene was labeled “hypothetical 
protein” few years ago, might now be known to perform some functions [316]. These errors can 
be minimized by re-annotation using the latest databases and software on regular basis.  
Annotations provided in these repositories vary in quality. The gene sequences can be 
further investigated using gene/protein sequences as a query to latest annotation tools. The 
functional aspect of proteins is based on the domain or domains that resides in a protein. A domain 
has been classically defined as the conserved part of protein that can independently fold and 
function with a defined 3-D structure [317]. Currently, sequence-based domain exists in databases, 
and some tools such as InterProScan, eggNOG-mapper which provides functional analysis of 
proteins by predicting domains and classifying them into families. For this, InterProScan uses 
predictive models, provided by other member databases (CATH-Gene3D, CDD, MobiDB, 
HAMAP, PANTHER, Pfam, PIRSF, PRINTS, ProDom, PROSITE, SFLD, SMART, 
SUPERFAMILY and TIGRFAMs). European Bioinformatics Institute (EBI) uses InterProScan to 
annotate protein sequences in UniProtKB. It also assigns Gene Ontology annotations to the protein 
sequences. Sequence-based domain assignment uses homology between several proteins 
fragments as the key to assign domain. eggNOG-mapper is another tool used for functional 
annotations of any protein sequences. It has been an attractive tool because of its speed and use of 
precomputed orthologous groups and phylogenies from the eggNOG database to infer functional 
information of some high quality orthologs matches only. This tool has been extensively used in 
annotations of novel genomes [121].  
Due to the fact that few domains are conserved across all species, it is often difficult to 
confidently assign function to a protein. With the exponential increase in genome sequencing, and 
introduction of effective gene calling tools, there are several proteins whose sequences are known 
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but functions are unknown [318], termed here as PUFs. Computational comparison of PUFs with 
proteins of known biochemical functions might indicate some connections. However, to 
computationally infer these connections is not trivial, so there have been very few studies to look 
into PUFs. By 03/24/2018, a total of 16712 pfam domains were deposited in the ftp site of pfam 
with 3976 domains of unknown function (DUFs), 23.8% of total pfams, whose function is yet to 
be understood [319]. Reports have suggested that almost 40% of Protein Data Bank (PDB) entries 
are categorized under “unknown functions” [320]. Some previous efforts have been made to 
predict the biochemical functions for protein structures of unknowns [321]. Several essential DUFs 
have been studied before. They have also talked about the need to focus on these proteins in 
experimental research [322]. 
Currently, at Oak Ridge National Laboratoy (ORNL), work has been carried out with 
cellulolytic bacteria such as Clostridium thermocellum and Caldicellulosiruptor bescii to 
understand the deconstruction and solubilization of growth substrates and yield of the alcohol 
products and bi-products. While advancement has been made in understanding the mechanism, 
there is a gap in understanding the metabolism and complete enzymatic activities. Currently, mass 
spectrometry has been proved to be very powerful in understanding and measuring the proteome 
at given condition. Some PUFs are detected in very high abundances at different growth 
conditions, indicating their critical roles in metabolism. A study on C. bescii has previously shown 
the differential expression of multiple PUFs driven by the nature of cellulosic substrates. 
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7.1.1 Proteins of unknown function (PUFs) in Caldicellulosiruptor bescii is driven by the 
nature of the cellulosic substrate 
Note: All the experiments for this section are based on Chapter 5. This section is here based on 
the relevance of the topic. 
Function is often difficult to ascertain based on bioinformatic annotation alone. Thus, 
protein abundance patterns observed across different growth substrates or substrate classes may 
lend evidence to their generalized function, if even at a high-level, i.e. C5-responsive extracellular 
protein. Thus, the meta information gleaned from analyses like these should be useful for 
uncovering the function of substrate responsive PUFs.  To help direct future functional genomic 
efforts involving extremely thermophilic, cellulolytic organisms such as C. bescii during its 
deconstruction and utilization of complex biomass substrates, information on all PUFs that were 
measured in this analysis with their relative abundances across substrates is provided. Furthermore, 
InterProScan was employed to provide as much up to date information as possible regarding the 
functional annotation of measured PUFs. InterProScan revealed some PUFs that could be 
functionally re-categorized. For example, Athe_2347 contains Pfam domain PF12679, which 
functions as an ABC-2 family transporter. This protein was detected primarily during growth on 
xylose but was also significantly more abundant on all of the simple growth substrates. Similarly, 
Athe_2368, which contains Pfam domain PF09822 that functions as an ABC-type uncharacterized 
transporter, was significantly more abundant during growth on both complex and C5 substrates. 
Athe_1880, specific towards complex substrates (Figure 7.1), contains Pfam domain PF13544, 
suggesting it is a surface proteins and possibly part of Type IV pilin N-term methylation site 
GFxxxE and involved in secretion broad ranges of protein substrates [323].   
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Figure 7.1. Volcano plot showing differentially abundant PUFs. The plot is a merged volcano plot 
obtained with the proteomic approach when comparing extracellular PUFs obtained by growing 
C. bescii in C5 substrates versus C6 substrates and complex substrates versus simple substrates. 
Green dots represent the proteins that have a p-value < 0.01 and 2x fold change. The green dots 
on the left side of the plot are the proteins that are differentially more abundant in C5/Complex 
substrates (as mentioned in the parentheses). Similarly, green dots on the right side of the plot are 
the proteins that are differentially more abundant in C6/Simple substrates (as mentioned in the 
parentheses).  
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Across all samples, a total of 100 PUFs were detected, with 58 categorized as potential 
extracellular proteins. Thirty-seven of these extracellular PUFs exhibited significant differences in 
abundance across the different growth conditions, as shown in Table 7.1.  Among these 37 
proteins, only 12 contained recognizable signal peptides. When only signal peptide-containing 
proteins were examined, Athe_2463 was the most differentially abundant (by almost ~16x), 
showing high abundance on xylan and xylose compared to all other substrates, and suggesting a 
potential role in C5-specific extracellular activity. Similarly, Athe_2464 was highly abundant on 
xylan, xylose and switchgrass relative to other substrates. Since both PUFs are encoded in the same 
operon, their co-expression during growth on C5 substrates perhaps underscores their importance 
in lignocellulose deconstruction and suggests potential high-value targets for future functional 
characterization efforts.  Athe_0434 is another xylan-specific protein showed significantly more 
abundance in xylan-grown cells as compared to those grown on xylose, glucose, switchgrass and 
Avicel. In fact, Athe_2463, 2464, 0434, 2720, 1870 and 1397 were all significantly more abundant 
on C5 substrates as compared to C6, as shown in the volcano plot (Figure 7.1). In contrast, 
Athe_0942 and 0943 were significantly more abundant on C6 substrates compared to C5 
substrates, by almost ~16x-32x and thus could play a significant role in the C6 utilization 
metabolism.  
In total, this work reports one of the most detailed characterizations of PUFs for a microbial 
secretome. In most studies, PUFs are largely ignored, since it is difficult to extract much 
meaningful information from them. The key for this study is the ability to link them to specific 
growth conditions, and thereby begin to tease out functional aspects which might lead to more 
definitive identifications/annotations. When combined with enhanced bioinformatic methods for 
examining potential domain structures, this type of approach might open a new window to  
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Table 7.1. Significantly differentially abundant PUFs obtained by binary substrates comparison 
Protein Comparison Pval 
Fold 
Change Protein Comparison Pval 
Fold 
Change Protein Comparison Pval 
Fold 
Change 
Athe_2018 XYLO_SWG 0.00 3.92 Athe_0287 GLU_SWG 0.04 1.47 Athe_2368 C6_C5 0.03 -1.90 
Athe_2018 XYLN_XYLO 0.00 -3.85 Athe_0287 XYLN_XYLO 0.02 -0.55 Athe_0942 GLU_XYLN 0.00 2.44 
Athe_2018 AVI_XYLO 0.02 -3.16 Athe_0287 AVI_CB 0.02 -2.14 Athe_0942 GLU_XYLO 0.01 2.14 
Athe_2018 Sim_Com 0.02 1.59 Athe_0287 Sim_Com 0.00 1.39 Athe_0942 AVI_SWG 0.04 2.47 
Athe_2018 CB_XYLO 0.01 -3.74 Athe_0287 CB_XYLN 0.00 2.47 Athe_0942 AVI_XYLN 0.00 3.94 
Athe_2729 XYLO_SWG 0.01 3.22 Athe_0287 CB_XYLO 0.00 1.92 Athe_0942 AVI_XYLO 0.00 3.63 
Athe_2729 CB_SWG 0.03 3.38 Athe_2003 XYLO_SWG 0.04 3.80 Athe_0942 CB_XYLN 0.00 3.26 
Athe_2729 GLU_SWG 0.00 4.43 Athe_2003 XYLN_XYLO 0.04 -4.09 Athe_0942 CB_XYLO 0.00 2.95 
Athe_2729 XYLN_XYLO 0.01 -3.57 Athe_2003 GLU_XYLO 0.04 -4.10 Athe_0942 GLU_AVI 0.05 -1.50 
Athe_2729 GLU_XYLN 0.00 4.78 Athe_2003 AVI_XYLO 0.04 -3.60 Athe_0942 C6_C5 0.00 3.06 
Athe_2729 GLU_XYLO 0.00 1.21 Athe_2003 CB_XYLO 0.04 -4.94 Athe_1565 XYLO_SWG 0.00 5.82 
Athe_2729 Sim_Com 0.00 4.77 Athe_2003 C6_C5 0.03 -2.17 Athe_1565 CB_SWG 0.02 4.51 
Athe_2729 CB_XYLN 0.03 3.73 Athe_0532 AVI_SWG 0.00 -4.11 Athe_1565 GLU_SWG 0.02 4.17 
Athe_2729 GLU_AVI 0.03 7.35 Athe_0532 AVI_XYLN 0.00 -4.23 Athe_1565 XYLN_XYLO 0.02 -2.61 
Athe_2720 C6_C5 0.00 -4.33 Athe_0532 AVI_XYLO 0.04 -3.37 Athe_1565 AVI_SWG 0.04 3.11 
Athe_0952 CB_XYLO 0.00 6.24 Athe_0532 AVI_CB 0.01 -3.46 Athe_1565 XYLN_SWG 0.02 3.22 
Athe_0952 C6_C5 0.00 3.87 Athe_0532 GLU_AVI 0.00 4.10 Athe_1565 AVI_XYLO 0.04 -2.71 
Athe_0998 Sim_Com 0.02 2.26 Athe_1397 GLU_XYLO 0.03 -3.05 Athe_1565 Sim_Com 0.00 2.73 
Athe_0943 XYLO_SWG 0.03 -5.32 Athe_1397 CB_XYLO 0.03 -3.15 Athe_1368 Sim_Com 0.04 2.41 
Athe_0943 XYLN_XYLO 0.04 3.47 Athe_1397 C6_C5 0.01 -1.93 Athe_0222 XYLN_XYLO 0.02 -1.92 
Athe_0943 GLU_XYLN 0.03 1.22 Athe_1573 C6_C5 0.02 -2.88 Athe_0222 XYLN_SWG 0.02 -1.41 
Athe_0943 GLU_XYLO 0.03 4.69 Athe_2558 XYLN_XYLO 0.05 1.23 Athe_0222 AVI_XYLN 0.04 2.51 
Athe_0943 XYLN_SWG 0.03 -1.86 Athe_0290 GLU_CB 0.01 -1.80 Athe_0908 CB_SWG 0.02 4.22 
Athe_0943 AVI_XYLO 0.03 4.57 Athe_0290 CB_SWG 0.01 2.71 Athe_0908 AVI_SWG 0.03 6.97 
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Table 7.1. Continued. 
 
Protein Comparison Pval 
Fold 
Change Protein Comparison Pval 
Fold 
Change Protein Comparison Pval 
Fold 
Change 
Athe_0943 CB_XYLN 0.03 1.75 Athe_0290 GLU_XYLN 0.02 0.50 Athe_0908 XYLN_SWG 0.02 4.65 
Athe_0943 CB_XYLO 0.03 5.21 Athe_0290 Sim_Com 0.04 0.89 Athe_2463 XYLO_SWG 0.00 4.38 
Athe_0943 C6_C5 0.00 3.09 Athe_0290 CB_XYLN 0.01 2.31 Athe_2463 GLU_XYLN 0.00 -3.98 
Athe_0909 C6_C5 0.05 -0.72 Athe_0290 CB_XYLO 0.01 1.97 Athe_2463 GLU_XYLO 0.00 -4.11 
Athe_0135 C6_C5 0.02 2.28 Athe_0290 C6_C5 0.02 1.06 Athe_2463 XYLN_SWG 0.00 4.26 
Athe_1880 CB_SWG 0.01 -3.78 Athe_0082 XYLO_SWG 0.00 4.43 Athe_2463 AVI_XYLN 0.00 -3.99 
Athe_1880 AVI_CB 0.01 2.69 Athe_0082 XYLN_SWG 0.01 4.37 Athe_2463 AVI_XYLO 0.00 -4.11 
Athe_1880 Sim_Com 0.00 -2.14 Athe_0082 C6_C5 0.04 -2.22 Athe_2463 CB_XYLN 0.00 -3.86 
Athe_1880 CB_XYLN 0.01 -2.99 Athe_0545 GLU_SWG 0.04 4.71 Athe_2463 CB_XYLO 0.00 -3.98 
Athe_1880 CB_XYLO 0.01 -1.75 Athe_0545 GLU_XYLN 0.04 5.22 Athe_2463 C6_C5 0.00 -4.01 
Athe_2347 Sim_Com 0.04 1.46 Athe_0159 GLU_CB 0.01 1.28 Athe_2240 XYLO_SWG 0.04 4.12 
Athe_2719 C6_C5 0.03 -1.08 Athe_0159 CB_SWG 0.00 3.92 Athe_2240 CB_XYLN 0.04 -2.95 
Athe_0889 XYLO_SWG 0.02 1.37 Athe_0159 GLU_SWG 0.00 5.20 Athe_2240 CB_XYLO 0.00 -3.48 
Athe_0668 C6_C5 0.01 0.79 Athe_0159 GLU_XYLN 0.00 5.23 Athe_2240 C6_C5 0.00 -2.17 
Athe_1871 C6_C5 0.01 -1.67 Athe_0159 Sim_Com 0.02 3.00 Athe_1366 GLU_SWG 0.03 4.86 
Athe_0434 XYLN_XYLO 0.04 1.24 Athe_0159 CB_XYLN 0.00 3.95 Athe_1366 Sim_Com 0.05 2.24 
Athe_0434 GLU_XYLN 0.04 -4.46 Athe_2285 XYLO_SWG 0.04 6.08 Athe_1870 C6_C5 0.00 -1.33 
Athe_0434 GLU_XYLO 0.04 -3.23 Athe_2285 XYLN_XYLO 0.04 -2.90 Athe_2464 XYLN_XYLO 0.05 0.91 
Athe_0434 XYLN_SWG 0.04 3.61 Athe_2285 GLU_XYLO 0.04 -2.96 Athe_2464 XYLN_SWG 0.03 1.96 
Athe_0434 AVI_XYLN 0.04 -4.04 Athe_2285 AVI_XYLO 0.04 -4.05 Athe_2464 AVI_XYLN 0.04 -3.23 
Athe_0434 C6_C5 0.00 -3.15 Athe_2285 Sim_Com 0.04 2.02 Athe_2464 CB_XYLN 0.02 -3.59 
Athe_0287 GLU_CB 0.01 -1.94 Athe_2285 CB_XYLO 0.04 -4.00 Athe_2464 CB_XYLO 0.03 -2.68 
Athe_0287 XYLO_SWG 0.03 1.49 Athe_2285 C6_C5 0.01 -2.22 Athe_2464 C6_C5 0.00 -2.63 
Athe_0287 CB_SWG 0.00 3.41 Athe_2368 Sim_Com 0.01 -2.15     
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exploring this previously discarded molecular family. To conclude, interestingly, some PUFs 
(Athe_2463, 2464) were strongly C5 substrate specific, highlighting their possible roles as 
potential xylanases.  Thus, this study not only provided detailed information about the diversity 
and substrate-specificity of enzymes, but also provided the research community with potential 
genomic targets for metabolic engineering of potentially desirable phenotype growth 
characteristics.  
Currently, The Center for Bioenergy Innovation (CBI), one of the four Biological and 
Environmental Research (BER) Centers within the DOE’s Office of Science with a focus to 
improve and scale up advanced biofuel and bioproduct production processes. C. thermocellum is 
a prime microbial system of CBI’s interest because of the capability of this organism to produce 
biofuel. Several attempts have been made to engineer C. thermocellum to produce bioethanol as 
the major product at high yield [44, 324-327]. Unfortunately, none of these attempts has matched 
the conventional ethanol producers such as yeast and Zymomonas. Almost one-fourth of the 
genome has been annotated as hypothetical proteins, but most of these proteins are measured by 
MS, making them non-hypothetical. These proteins are termed as PUFs in this study. The proteome 
matrix from recent study [46] was also investigated for PUFs.  
7.1.2 Previous mass spectrometry works on C. thermocellum mutants 
Proteomics has been carried out previously for the four strains of C. thermocellum, AG553, 
AG601, LL1210, and wild type. This study was carried out for a single time point in log phase 
[46]. One-way ANOVA was performed in the proteome matrix (from supplementary files) and 
Tukey-HSD was done as the post-hoc multiple comparison test. Clo1313_1790 was detected 
highly abundant in all strains. This indicates that even in mutants Clo1313_1790 seems to be very 
important. Other highly abundant but not changing PUFs are Clo1313_0740, 1109, 1796, 0053, 
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1790, 1590, 3020 and 0647. Some of the key PUFs that were seen highly abundant in mutants but 
not in WT were Clo1313_2529, 2643, 2159, 0759, 0545, 2748, 2788, 2789, 0009, 1180, 1572, and 
0505. All of these PUFs were significantly highly abundant in mutants. Some of other PUFs were 
highly abundant in AG553 evolved mutant and low abundant in all other mutants suggesting some 
key function in AG553. All these analyses were done extracting only PUFs from global proteome 
matrix.  
With the central hypothesis that PUFs are essential for C. thermocellum 1313 and play key 
roles such as transportation of amino acids and sugars and to maintain the redox balance within 
the cell, a time course proteomics study was performed in C. thermocellum and PUFs were 
analyzed using different bioinformatics approach.             
7.2 Materials and Methods 
7.2.1 Bacterial Strains and Culture Conditions   
C. thermocellum strains DSM 1313 ∆hpt [328] and LL1210 [329] were used in this study. 
Prior to inoculation, strains were stored at -80°C in a modified version of chemically defined 
Medium for Thermophilic Clostridia (MTC5) as previously outlined [330, 331]. MTC5 was 
inoculated for actively growing pre-cultures prior to the batch culture experiment, and inocula 
were 0.2% of the final volume. Strains ∆hpt and LL1210 were each grown inside a Coy anaerobic 
chamber (Coy Laboratory Products, Grass Lake, MI) at 55°C in quadruplicate 500 mL (total vessel 
capacity 1L) cultures in MTC5 media supplemented with 2 mM sodium formate. Samples for 
proteomic analyses were collected in 50 mL aliquots for timepoints corresponding to early-log, 
mid-log, and late-log of growth for both strains. Additional sample was collected for the lag phase 
of growth for a total of four sampling events for strain LL1210. For metabolite analyses, 0.5 mL 
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aliquots were retained from each sampling event and stored at -20°C. The batch cultures were 
agitated prior to sampling.  Cells were centrifuged (3,600 ˣ g) in 50 mL tubes for 10 min, 
immediately quenched with liquid nitrogen, and the supernatants were discarded. The samples 
were then stored at -80°C.  
7.2.2 Proteome analyses using LC-MS/MS 
The ∆hpt parent and LL1210 strains of C. thermocellum were grown in quadruplet and 
processed for nano-LC-MS/MS analysis.  Whole cell lysates were prepared by bead beating cell 
pellets in sodium dodecyl sulfate (4% SDS, 100 mM Tris-Cl, pH 8.0) using 0.15 mM zirconium 
oxide beads, followed by a quick high speed centrifugation to defoam and remove debris. From 
the processed lysate, 200 µl was withdrawn for chloroform methanol extraction (CME; 200 µl 
sample + 800 MeOH + 200 Chloroform + 600 µl H2O). A layer of protein pancake (sandwiched 
between organic and aqueous phase) was carefully saved and washed with methanol. The protein 
pancake was brought to dryness and resuspended in 250 µl sodium deoxycholate lysis buffer (4% 
SDC, 100 mM ammonium bicarbonate, pH 8). A small aliquot of protein was taken to measure 
protein concentration via bicinchoninic acid (BCA) assay. Samples were then adjusted to 10 mM 
dithiothreitol and incubated at 95 °C for 20 min to denature and reduce proteins. Cysteines were 
alkylated with 30mM iodoacetamide for 30 minutes at room temperature in dark. To standardize 
the protein concentration, only 250 µg of crude proteins from each sample were then transferred 
to a 10 kDa MWCO spin filter (Vivaspin 500, Sartorius) and in situ digested with proteomics-
grade trypsin at the ratio of 1:75 (trypsin:protein). Following an overnight digestion and re-
digestion for three hours, the tryptic peptide solution was filtered, with the addition of 1% FA to 
precipitate residual SDC, and final removal of SDC precipitate with water-saturated ethyl acetate. 
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A clear peptide solution was obtained which was then concentrated via SpeedVac and measured 
by BCA assay. 
An automated 2D LC-MS/MS analysis was carried out for the peptide samples using an 
Ultimate 3000 connected in-line with a Qexactive Plus mass spectrometer (Thermo Scientific). A 
triphasic MudPIT back column (RP-SCX-RP) was coupled to an in-house pulled nanospray 
emitter packed with 30 cm 5 µm Kinetex C18 RP resin (Phenomenex). For each sample 12 µg of 
peptides were loaded and cleaned to remove salts (if any) and was separated and analyzed across 
two successive salt cuts of ammonium acetate (50 mM and 500 mM), each followed by 105 min 
organic gradient. LC-resolved peptides were analyzed by data-dependent acquisition (DDA) on 
the Qexactive MS.  
7.2.3 MS database searching, data analysis and interpretation 
A non-redundant database was made combining GenBank and RefSeq C. thermocellum 
proteome databases. The proteins were grouped at 100% identity using CD-Hit [332]. MS/MS 
spectra were searched against this proteome database concatenated with cRAP databases 
(ftp://ftp.thegpm.org/fasta/cRAP) consisting common contaminants. A Python wrapper (proteome 
analyzing pipeline) built in-house was used to quantify the proteins. The pipeline (Chapter 3) was 
used estimate protein-level abundance. Each protein required a minimum of 2 peptide and 2 PSMs 
to become a valid protein. Thus, the obtained normalized intensities of proteins were considered 
valid if a protein exists in 2 out of 4 replicates. Protein abundance distributions were then 
normalized across samples and missing values imputed to simulate the mass spectrometer limit of 
detection.   
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7.2.4 Differential expression analysis within strain and between strains 
To understand the differential expression within the strain, the normalized imputed 
intensity of individual protein was statistically evaluated across different time points of growth 
using p-values derived from one-way ANOVA. Proteins with p-values <0.05 were used for further 
clustering analysis. Clustering helps to reveal the underlying regulatory mechanisms in an omics 
dataset (mainly gene expression and proteomics). The abundance of proteome can change with 
time or invariable. This method is useful to cast the changing proteome abundances. C-mean 
clustering of the proteins through Mfuzz [151] package was performed to identify common 
temporal responses. Mfuzz implements soft clustering using the fuzzy c-means algorithm [151]. 
Abundances in each timepoints were represented in a boxplot. A line connecting these boxplots 
was used to visualize the trends. The membership of these clusters was further explored 
considering PUFs. 
To narrow down an initial list of PUFs and DUFs of interest, differential expression 
analysis was performed on all proteins marked as a hypothetical protein or as containing a domain 
of unknown function in the genome. A volcano plot for each time point was generated. Proteins 
were considered differentially abundant if they had a |log2(fold change) | > 2 and a log10(adjusted 
p-value) > log10(0.05). These differentially expressed proteins were also examined as 
subnetworks as described below. 
7.2.5 Generation of co-expression networks 
Co-expression networks were generated based on the empirical protein quantifications. 
The use of co-expression networks is often based on the concept of “guilt-by-association” - 
proteins which are linked in the network are expected to reflect a biological relationship. PUFs 
and DUFs which are highly linked with proteins of known function are expected to have similar 
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functionality. Networks were generated for both the parent and mutant strains. Pairwise Spearman 
Rank correlations were computed for all proteins based on the quantified values of the protein 
across time points in the corresponding parent and mutant strains using the Pandas Python library. 
The advantage of using Spearman Rank as opposed to Pearson correlation is it can capture 
monotonic, as opposed to purely linear, relationships and is more robust to outliers. Two proteins 
were considered connected if the corresponding Spearman correlation was greater than 0.7. This 
threshold cutoff is somewhat arbitrary, but is intended to reduce the number of possible 
connections. Networks were visualized in Cytoscape or using the igraph library in Python. The 
Markov Clustering Algorithm (MCL) was employed to remove possible spurious connections and 
generate subnetworks. Differentially expressed proteins subnetworks were pulled and examined 
manually to determine if any exhibited an interesting pattern. Any interesting PUF was further 
interrogated using SignalP and TMHMM server to determine possibility of it being a membrane 
protein. Interesting PUFs and their best Blast hits were further explored using the phylogenetic 
trees and homology modeling.   
7.2.6 Phylogenetic trees  
7.2.6.1 Building a local BLAST database using UniPortKB 
BLAST is one of the most popular sequence similarity search tools [333]. With the 
introduction of stand-alone BLAST applications (BLAST+) have allowed faster, and flexible 
searches [334]. Among all applications, blastp compares protein queries to protein databases. In 
this study, the FASTA file from Swiss-Prot and TreEMBL were downloaded from UniProtKB, 
and custom databases were created using this multi-FASTA file of sequences. After the database 
was created, the subset FASTA file of C. thermocellum was created that consisted only PUFs and 
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DUFs. An E-value cut off of 10E-5 was used and the tabular format of result was saved in result 
file. The searches were done in CADES server at ORNL. 
7.2.6.2 Multiple Sequence Alignment using MAFFT 
Multiple Sequence Alignment (MSA) is generally used to align three or more biological 
sequences that consist of either nucleotides or amino acids. These tools are essential tool for the 
prediction of function, phylogeny inference, infer the homology and to understand the evolutionary 
relationships between sequences [335]. Some of the target PUFs that had good connectivity with 
the proteins of known functions in the networks were of particular interest because of the 
possibility to infer function based on sequence homology or possibly conserved in other 
organisms. MAFFT is a multiple alignment program for amino acid or nucleotide sequences, runs 
on unix-like OS [336], and was used in this study. MAFFT offers several algorithms but due to 
different number of matched (best hits) sequences (ranging from 11 - >500) based on the E-value 
cutoff, auto feature of MAFFT was used to automatically select an appropriate strategy from the 
given query. The MSA consists of regions that are well aligned, and regions that are sparsely 
aligned. The estimation of highly accurate MSA is necessary to have low error rates or better 
quality input for tree when computing the trees [337, 338] and this was achieved by using 
automated feature of TrimAl [338], a MSA trimming tool.  
7.2.6.3 Phylogenetic tree using FastTree 
FastTree can compute approximately-maximum-likelihood phylogenetic trees from MSA 
involving protein sequences or nucleotide sequences. It is known to handle million sequences 
alignments within considerable amount of time and memory [339]. The usage of FastTree is very 
simple and its installation is pretty straightforward.  
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Usage: 
FastTree alignment.file > tree_file 
This code infers tree for protein alignment with the JTT+CAT model where JTT [340] is a 
model for amino acid evolution and CAT is the approximation used to account for the varying 
rates of evolution across sites [341]. The output format of the tree is in Newick format. An online 
tool, Interative Tree of Life (iTOL), was used to display, annotate and manage the phylogenetic 
tree [342].  
7.2.7 Homology modelling of PUFs using SWISS-MODEL 
The networks from guilt by association using co-expression values provided the list of 
potential PUFs that can be further focused on. One of the ways to predict the potential function of 
these PUFs is to infer the protein structure by using homology modelling. SWISS-MODEL, a web-
based integrated service, guides the user in building protein homology models. SWISS-MODEL 
builds model based on four major steps: i) identify of structural template, ii) alignment of target 
sequence with template structures, iii) building of the model, and iv) evaluation of the model 
quality [343].  Template search with BLAST and HHBlits was performed against the SWISS-
MODEL template library. A total of 27 PUFs were searched for homology model.  
7.3 Results and Discussion 
7.3.1 Global Proteome metrics 
The MS-based time course proteomics was carried out in C. thermocellum DSM 1313 
(Dhpt and LL1210 strains). In order to quantify the proteins, the filtration criteria was used as 
mentioned in the materials and methods (2 peptides, 2 PSMs and 2/4 times measured within the 
biological quadruplets). A total of 1975 proteins out of predicted 3033 proteins (65%) were 
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quantified across all conditions. These proteomes were visualized with the PLS plot as shown in 
the Figure 7.2. There were three distinct clusters for Dhpt strain as shown in Figure 7.2 A, similarly, 
in LL1210, EL, ML_1 and LL were distinctly clustered, ML_2, however, formed two mini clusters 
among itself (two replicates in each), one cluster more grouped with LL. LL1210 is perturbed 
strain, taking longer time to grow. The highest number of cells for LL1210 was 0.68 OD compared 
1.27 for Dhpt strain (almost double cells). 
For each experimental strain, each time points had some proteins that were not seen in 
another time points. The overall Venn-diagram for each strain is shown in Figure 7.3 A-B. Also, 
if a protein occurred in only 1 out of 4 replicate, it was considered invalid when the Venn-diagrams 
were generated. It was also interesting to note that majority of these proteins were observed in both 
experimental strains with very few proteins seen unique to each experimental strain in all time 
points as shown in Figure 7.3 C. The Venn-diagram shown in Figure 7.3 (A and B) reveals the 
proteins that were detected in only at a single time points (at least 2 out of 4 replicates) for each 
experimental strain. Some PUFs were also seen during specific to these time points as shown in 
Table 7.2. 
7.3.2 Clustering of protein abundance highlights major temporal trend patterns of PUFs 
along with other proteins of known functions 
The proteome data was used to investigate the temporal abundance patterns of proteins 
measured in parent and mutant strains. One-way ANOVA revealed 303 proteins that were 
significantly time dependent (p-value < 0.05) in Dhpt – parent stain and 457 proteins that were 
significantly time dependent (p-value < 0.05) in LL1210 strains – mutant strain. All these proteins 
fall into one of four clusters respectively for each strain based on the similarities in their temporal 
abundance profiles. All clusters for both of these strains are described below. 
 196 
 
 
 
 
Figure 7.2. The PLS-Plot of proteome of all replicates for different experimental strains A) Dhpt strain B) LL1210 strain. The 
abbreviations EL: early-log, ML: mid-log, and LL: late-log. 
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Figure 7.3. The Venn-diagram of proteome measured at different time points with respect to experimental stains and between 
experimental stains. A- Dhpt strain B- LL1210 strain C- Dhpt versus LL1210.
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 7.3.2.1 Dhpt parent strain 
For Dhpt strain proteins that belongs to C1 show a gradual decrease in protein abundance 
until mid-log of growth phase, followed by a sharp decrease in protein abundances towards late-
log phase as shown in Figure 7.4 A. A total of 44 proteins behaved in this fashion, including 8 
PUFs. C2 represents proteins that gradually decrease in abundance throughout the mid-log to late-
log phase, and no change from early-log to mid-log phase (Figure 7.4 B). In total, 154 proteins fall 
in this cluster which include 18 PUFs. C3 represents proteins that sharply increase from early-log 
to mid-log and slightly decrease until late-log as revealed by Figure 7.4 C. A total of 25 proteins 
make this cluster. Although lowest in membership, these proteins including three PUFs, might 
play significant roles in the metabolism during the deconstruction of substrates. C4 has similar 
trend as C2, but instead of decreasing from mid-log to late-log, it slightly increases. A total of 80 
proteins including 10 PUFs make this cluster trends as shown in Figure 7.4 D.  
7.3.2.2 LL1210 mutant strain 
For LL1210 mutant strain, proteins that belongs to C3 resembles similar to C1 for Dhpt 
strain show a gradual decrease in protein abundance until mid-log2 of growth phase, followed by 
a sharp decrease in protein abundances towards late-log phase as shown in Figure 7.4 G. A total 
of 61 proteins behaved in this way, including 9 PUFs. C4 resembles the C3 for Dhpt strain, 
represents proteins that sharply increase from early-log to mid-log2 and slightly decrease until 
late-log as revealed by Figure 7.4 H. A total of 20 proteins make this cluster, which includes 4 
PUFs. Again, with low membership, this could well be the proteins of our interest as described for 
Dhpt strain. C1 (Figure 7.4 E) and C2 (Figure 7.4 F) are slightly changing with time points, with a 
membership of 14 and 23 PUFs respectively. 
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Figure 7.4. Temporal clustering of differentially abundant proteins for both experimental C. 
thermocellum strains. X-axis (Time Points) and Y-axis (Z-scores of proteins abundance). All 
proteins with a P-value < 0.05, from ANOVA were used to make the clusters. Trends A, B, C, and 
D belong to ∆hpt parent strain and trends E, F, G, and H belong to LL1210 strain. The boxplots 
for each time points were generated using the different protein abundances at that time points and 
median of the abundances were used to connect to make the expression trends. 
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Interestingly, closely looking at the membership of C3 for Dhpt strain, all the proteins 
involved in this cluster have transferase activity and PUFs. Considering “guilt by association,” 
there is a strong reason to believe that these three PUFs could also have transferase activities. 
Contrastingly, similar trends bearing C4 for LL1210 mutant strain has a mixed representation of 
transferases, synthases, transcription-related proteins and PUFs. To understand “guilt by 
association” of PUFs with other known proteins, a co-expression networks were investigated. In 
order to add other PUFs and DUFs candidates, a volcano plot corresponding to each time points 
between parent and mutant strains was generated. LL1210 has two mid-log sampling points, 
compared to single mid-log Dhpt strain. The results for the volcano plots are demonstrated in 
Figure 7.5. These results indicate that there is a big difference in the proteome of  Dhpt strain when 
compared to LL1210. This could be due to the mutations of key enzymes present in LL1210, so 
simply the time points do not correspond the same growth points. LL1210 grow very slowly and 
time points are not as distinct as Dhpt strain. The maximum OD for LL1210 was half of Dhpt strain 
and this was achieved over 3x of growth time required for Dhpt strain. Obviously, the proteome 
would be perturbed to a very high extent.  
7.3.3 Co-expression of PUFs reveals potential functional signatures  
Two major networks were created for the parent and mutant strains. Briefly, proteins were 
treated as connected in the networks if the Spearman Rank Correlation of the protein abundances 
was greater than 0.7. Subnetworks were generated in the network using the Markov Clustering 
(MCL) algorithm. To understand in greater detail about the connectivity of differentially abundant 
PUFs and DUFs, subnetworks were pulled and examined manually. Importantly, there is very little 
consistency between the subnetworks between the parent and mutant strain. This is somewhat 
expected because of heavily perturbed mutant strain proteome is not similar to the parent strain  
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Figure 7.5. Volcano plot representing differentially expressed pairs of PUFs and DUFs between 
the strains at each time point. Red dots indicate proteins which were considered differentially 
expressed. Vertical and horizontal lines represent the cutoffs. Proteins with log2(Fold Change) > 2 
are over-expressed in the parent strain and those with log2(Fold Change) < -2 are over-expressed 
in the mutant. These differentially abundant proteins were further examined using the networks. 
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proteome. In order to resolve these inconsistencies, further experiments need to be carried out. In 
the subnetworks, proteins marked in red are PUFs, while proteins marked as green are DUFs. To 
incorporate the information on temporal dynamics of PUFs, the nodes shape determines the cluster 
group (C- means clustering) described in section 7.3.2, with C1 being a circle, C2 being a square, 
C3 being an up-right triangle, and C4 being an upside-down triangle. Something to note, there 
does appear to be some consistency between the networks and the corresponding C-means 
clustering. Subnetworks generally are enriched in C1 or C2 members, or have few cluster members 
at all. The parent networks are at the top of the figure, while the mutant networks are at the bottom. 
Below are some sub-networks (Figure 7.6 - Figure 7.8) pulled for differentially abundant PUFs 
and DUFs observed in the volcano plot.  
An interesting subnetwork was observed in the parent strain which consisted almost 
entirely of PUFs (Figures 7.6 A). Interestingly, this subnetwork formed a clique: a subnetwork in 
which every node is connected to every other node. Using Pannzer2, PUF WP_003515926.1 was 
found to be associated with GO terms related to macrolide ABC transporter permeases, hydrolase 
activity, ATP binding, and membrane localization. WP_003515926.1 was predicted by the 
TMHMM server to have 4 transmembrane regions, consistent with the Pannzer2 results. PUF 
WP_003512259.1 was also predicted by Pannzer2 to be related epoxyqueuosine reduction, but 
also oxidation-reduction processes in general. This subnetwork was not formed in the mutant 
strain. However, taking the intersection of the unclustered networks reveals many of the proteins 
in this clique are connected in the mutant strain prior to clustering (Figure 7.6). Another PUF, in 
the parent strain, ADU75522.1, belongs to C2, differentially abundant. It falls into a fully-
connected subnetwork (a clique) which is composed mainly of the PUFs. Most of these proteins 
fall into the C-means clusters corresponding to C2. In the mutant strain, ADU7552.1 does not  
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Figure 7.6. Few selected sub-networks for PUFs A- PUF Clique (Parent), B- WP_003511598.1 
(Mutant), C-WP_003516878.1 (Mutant), D-WP_00351369.1 (Mutant), E-WP_003512340.1 
(Parent), F- WP_003512947.1 (Parent), and G- WP_003512015.1 (Mutant). 
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connect with any of the proteins seen in the parent strain, nor do any of the functional relationships 
overlap. In the mutant strain subnetwork, all nodes are blank, indicating they do not fall into any 
of the clusters determined by C-means. ADU75522.1 was significantly differentially abundant 
across time points in parent strain and not in mutant strain. Another PUF WP_014522642.1 in this 
clique is significantly differentially abundant in parent strain and belongs to C2 cluster. TMHMM 
predicts this protein to have a transmembrane region. All the PUFs connected are either 
extracellular proteins or consists of transmembrane regions. Most of the connected partners are 
PUFs, except for MotA/TolQ/ExbB proton channel and Alkaline shock protein 23 (Asp 23). 
Proteins that belong to MotA/TolQ/ExbB proton channel family are known to be membrane 
proteins possibly involved in translocation of proteins across a membrane. MotA is an essential 
flagellar motor component involved to generate rotational motion in the flagellar using proton 
gradient [344]. ExbB, part of the TonB-dependent transduction complex, is involved in 
transportation of large molecules across the outer bacterial membrane across the inner bacterial 
membrane (https://www.ebi.ac.uk/interpro/entry/IPR002898). Other PUFs in the clique, 
WP_014522642.1, WP_003515926.1, and WP_014522644.1 have transmembrane regions so they 
could potentially play a role in transportation of large molecules. In mutant, WP_014522642.1 is 
connected to S-layer homology domain, another protein that could play a role in transportation of 
molecules, and WP_003516571.1, a PUF, is predicted to have one transmembrane region. This 
subnetwork provides a lot of information on potential candidates.
Three subnetworks for mutant strain are shown in Figures 7.6 (B-D) shows multiple PUFs 
in each subnetwork. WP_003511598.1 along with six other PUFs (red colored node), Figure 7.6 
B, are fully connected to proteins with known functions such as transferase activities, extracellular 
binding proteins, ATPase and chemotaxis-related protein. Subnetwork shown in Figure 7.6 C also 
 208 
consists of WP_003516878.1 along with three other PUFs and a DUF (green node) heavily 
connected to other proteins (aminotransferase, S-layer protein, transporters and oxidoreductases). 
Figure 7.6 D shows a network that consists of three PUFs including WP_003513693.1, a 
differentially abundant in both parent and mutant strain. It belongs to C2 cluster in parent strain 
and C3 cluster in mutant. The abundance of protein in these cluster decline from mid-log phase to 
late-log phase. In the mutant strain network, it falls into a highly connected network enriched by 
oxidases, ligases, transferases, kinases and hydrolases. Pannzer2 predicts this protein to be an 
exopolysaccharide biosynthesis protein related to N-acetylglucosamine-1-phosphodiester alpha-
N-acetylglucosaminidase. The mutant network mostly consists of proteins that belongs to C-means 
clusters C1 and C3.  
WP_003512340.1 was found in a highly connected subnetwork in the parent strain (Figure 
7.6 E). Interestingly, this protein is highly-correlated with proteins annotated in the genome as 
ABC transporters, reductases, and hydrolases, predicted to have one transmembrane helix. In the 
mutant strain, this protein is a singleton. A common inconsistency is seen when it comes to parent 
versus mutant. Most of the dominant and connected activities such as transporters-related, 
oxidoreductase and hydrolases are seen in parent when compared to mutant. This might be linked 
back to the knocked down genes, thus making them incapable of producing end products such as 
lactate and acetate. Looking at the co-expression of PUFs with known functions, it seems like 
many of the PUFs linked activities are compromised in mutant, or they might be involved in 
something different that is yet to be known.  
WP_003512947.1 (Figure 7.6 F) is another differentially abundant PUF in parent strain, 
belongs to C1 cluster. In the parent strain, this protein falls into a highly connected subnetwork 
rich in proteins with known functions. Most of these proteins fall into C-means clusters C1 and 
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C2. It is only connected with one protein in the mutant strain, but this protein is an ATPase. Many 
of the proteins in the parent strain network have ATPase activity based on analysis from 
InterProScan. Table 7.2 reports PUFs seen in at least one cluster of either parent or mutant, number 
of nodes connected to this PUF subnetwork, connectivity (number of edges to this PUF), functions 
of partner nodes connected to this PUF (frequency of function is reported in parentheses), target 
(if the PUF is potential target or not based on connectivity and known functional partners), 
presence or absence of signal peptide, transmembrane regions, and prediction of HMM domain by 
eggNOG mapper. A protein was considered a target if total number of nodes were >= 6 and total 
number of connections were >= 7, along with proteins of known functions.  
The mutant has been previously shown to accumulate a higher amount of valine [46], 
although every known possible pathway for pyruvate consumption was knocked out. This study 
was originally designed to understand if PUF contributes to by-pass ethanol production pathways. 
De novo function prediction was performed using Pannzer2 software [345]. PUF 
WP_003512015.1 was associated with GO terms to be involved in an oxidation-reduction process, 
iron-ion binding, and NADH peroxidase activity, among other similar GO terms, although the 
scores for these predictions were generally under 0.5 (out of 1). Examining the subnetwork (Figure 
7.6 G) of this protein in the mutant strain reveals its connections to two proteins related to 
pyruvate/ketoisovalerate oxidoreductase, a dehydrogenase, and a FAD/NAD(P)-binding domain. 
This is consistent with the results provided by Pannzer2. However, as with many of the 
subnetworks of interest, this subnetwork was not observed in the parent strain. However, it was 
associated with an NADH-ubiquinone oxidoreductase, consistent with this protein exhibiting 
oxidase-reductase functionality. Both networks are consistent with Pannzer2 prediction of  
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Table 7.2. Profiling of PUFs based on networks and prediction of potential function 
Protein Cluster Strain 
Tot
al 
No
des 
Conn 
ectivit
y 
Most Connected Function Target 
Sign
alP TM HMM Annotation 
WP_003511598.1 None;2 LL 511 33 Unknown(11);catalytic activity(6);Unknown(6) Y Y 2 nan 
WP_003512015.1 None;1 hpt+LL 13 6 oxidation-reduction process(5);"4Fe-4S ferredoxin, iron-sulphur binding, conserved site"(3);metabolic process(3) N N 0 
(rubredoxin-type 
Fe(Cys)4 protein) 
WP_003512259.1 1;None hpt 36 8 Unknown(17);Unknown(5);membrane(2) Y N 0 
DNA integration 
recombination 
invertion protein 
WP_003512336.1 None;2 LL 511 17 Unknown(5);"Pyridoxal phosphate-dependent transferase, subdomain 2"(2);membrane(2) Y N 0 Cytosolic protein 
WP_003512523.1 2;None hpt 6 3 
protein-glutamate O-methyltransferase CheR(1);"Chemotaxis receptor 
methyltransferase CheR, N-terminal domain superfamily"(1);GNAT 
domain(1) 
N N 0 Tetratricopeptide repeat 
WP_003512947.1 1;None hpt+LL 126 16 Unknown(4);P-loop containing nucleoside triphosphate hydrolase(4);catalytic activity(4) Y Y 1 
s-layer domain-
containing protein 
WP_003513014.1 None;2 hpt+LL 10 4 Unknown(4);"tRNA(Ile)-lysidine/2-thiocytidine synthase, N-terminal"(1);cytoplasm(1) N N 0 None 
WP_003513368.1 None;2 LL 95 15 Unknown(4);ATP phosphoribosyltransferase regulatory subunit(2);RNA binding(2) Y Y 1 nan 
WP_003513430.1 4;2 LL 511 29 Unknown(9);catalytic activity(6);Unknown(5) Y Y 1 nan 
WP_003513693.1 2;3 hpt+LL 583 29 Unknown(15);copper amine oxidase(10);Copper amine oxidase-like, N-terminal domain superfamily(8) Y Y 1 domain protein 
WP_003513758.1 None;4 LL 511 28 Unknown(8);catalytic activity(6);Unknown(4) Y Y 1 None 
WP_003513989.1 None;4 hpt+LL 96 17 Unknown(6);Unknown(3);ATP phosphoribosyltransferase regulatory subunit(2) Y N 0 None 
WP_003514026.1 2;4 LL 511 22 Unknown(8);catalytic activity(5);Unknown(5) Y N 0 None 
WP_003514104.1 4;None hpt+LL 296 14 Unknown(6);oxidation-reduction process(4);catalytic activity(4) Y N 0 nan 
WP_003514987.1 None;2 hpt+LL 15 6 Unknown(4);Preprotein translocase SecG subunit(2);domain protein(2) N N 0 DUF1910 
WP_003515423.1 None;1 LL 6 3 catalytic activity(2);Galactose mutarotase-like domain superfamily(1);Glycosyltransferase family 36(1) N N 0 None 
WP_003515875.1 None;2 hpt 6 3 30S ribosomal protein S16(1);Methyl-accepting chemotaxis protein (MCP) signalling domain(1);methyl-accepting chemotaxis protein(1) N N 0 nan 
WP_003515926.1 2;None hpt+LL 37 9 Unknown(18);Unknown(5);Asp23/Gls24 family envelope stress response protein(1) Y N 4 
Transporter 
Permease Protein 
WP_003516566.1 2;None hpt 6 3 ABC transporter-like(1);"NADH-quinone oxidoreductase, subunit D"(1);Winged helix-like DNA-binding domain superfamily(1) N N 3 nan 
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Table 7.2. Continued. 
 
Protein Cluster Strain 
Tot
al 
No
des 
Conn 
ectivit
y 
Most Connected Function Target 
Sign
alP TM HMM Annotation 
WP_003516878.1 None;4 hpt+LL 100 13 Unknown(6);Unknown(2);oxidation-reduction process(2) Y Y 2 nan 
WP_003517282.1 4;None hpt+LL 10 7 Unknown(4);ABC transporter-like(2);P-loop containing nucleoside triphosphate hydrolase(2) Y Y 2 None 
WP_003517715.1 None;3 hpt 14 3 Preprotein translocase SecG subunit(2);Tetratricopeptide repeat(1);Winged helix-like DNA-binding domain superfamily(1) N Y 1 nan 
WP_003517768.1 4;2 hpt+LL 512 30 Unknown(9);catalytic activity(7);"Pyridoxal phosphate-dependent transferase, subdomain 2"(4) Y N 0 nan 
WP_003517996.1 None;3 hpt+LL 7 4 Unknown(5);Unknown(2);tRNA aminoacylation for protein translation(1) N N 1 nan 
WP_003518117.1 4;2 hpt+LL 512 33 Unknown(13);catalytic activity(7);Unknown(6) Y Y 1 
Cell wall binding 
repeat 2-containing 
protein 
WP_003518388.1 None;3 hpt+LL 585 11 
Copper amine oxidase-like, N-terminal domain 
superfamily(3);"Copper amine oxidase-like, N-terminal"(3);copper 
amine oxidase(3) 
Y Y 1 nan 
WP_003518741.1 2;None LL 6 3 PilZ domain(2);Glutamate synthase alpha subunit domain protein(1);metabolic process(1) N N 0 None 
WP_003518876.1 None;1 hpt+LL 588 32 Unknown(15);catalytic activity(7);copper amine oxidase(6) Y N 0 nan 
WP_003518927.1 None;2 hpt+LL 100 7 agmatinase(2);Unknown(2);Unknown(2) Y N 1 YD repeat protein 
WP_003519008.1 None;1 hpt 21 6 Unknown(3);P-loop containing nucleoside triphosphate hydrolase(2);catalytic activity(2) N Y 1 nan 
WP_003519155.1 None;2 LL 95 8 Unknown(5);Cysteine synthase(2);ATP phosphoribosyltransferase regulatory subunit(2) Y N 0 
iron-sulfur cluster-
binding protein 
WP_003519571.1 None;3 hpt 6 2 Copper amine oxidase-like, N-terminal domain superfamily(2);Unknown(2);copper amine oxidase(2) N Y 0 None 
WP_003521121.1 None;3 LL 7 4 Unknown(4);regulation of transcription, DNA-templated(2);Involved in the transcription termination process (By similarity)(1) N Y 0 None 
WP_014522613.1 1;None hpt+LL 8 4 HD-GYP domain(2);CheY-like superfamily(2);Unknown(2) N N 1 division initiation protein 
WP_014522638.1 2;None hpt 36 8 Unknown(15);Unknown(5);membrane(2) Y N 0 nan 
WP_014522642.1 2;None hpt+LL 38 10 Unknown(19);Unknown(6);membrane(2) Y N 1 nan 
WP_014522644.1 2;None hpt+LL 38 9 Unknown(18);Unknown(6);membrane(2) Y Y 1 nan 
WP_095522196.1 2;None hpt+LL 38 10 Unknown(19);Unknown(6);membrane(2) Y N 0 nan 
ADU73917.1 1;None hpt+LL 9 5 Unknown(4);ATP binding(2);Unknown(2) N N 0 nan 
ADU75522.1 2;None hpt+LL 41 10 Unknown(17);Unknown(7);membrane(2) Y N 0 nan 
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oxidase-reductase activity. This might be considered as an excellent target to solve the problem of 
valine accumulation in the mutant strain. 
7.3.4 Key connectivity of PUFs and DUFs 
Two early targets were the PUF WP_03512947.1 and DUF WP_003517004.1. The 
subnetwork from the parent strain is shown in Figure 7.7 with the red and green nodes indicating 
the PUF and DUF, respectively. Interestingly, these two proteins are highly connected to many of 
the proteins with annotated functions in this subnetwork. A simplified visualization demonstrating 
the overlap in connections can be seen below. Given the WP_003512947.1 is associated with 
proteins involved in amino acid transport SignalP and the TMHMM server were employed to 
determine if it could be a membrane protein. It was predicted to have both a signal peptide and a 
transmembrane helix region. WP_003517004.1, however, was predicted not to have either a signal 
peptide or a transmembrane helix. This network was not observed in the mutant strain. 
WP_003512947.1 was highly abundant in the parent strain relative to the mutant strain in the early-
log and mid-log time points. WP_003517004.1 was not differentially expressed in either strain at 
any time point.    
7.3.5 Comparing the Parent and Mutant Strain Co-expression Networks 
Prior to network clustering via MCL, the original parent and mutant co-expression 
networks were merged in Cytoscape to determine any overlapping connections. The results (Figure 
7.8) indicate quite a few proteins are connected, which is consistent with what we expect. One 
possible approach to better inform the co-expression network is to incorporate protein interaction 
data from another closely-related Clostridium species or Clostridium thermocellum strain. 
Currently, the STRING database contains such data for various Clostridium, including Clostridium  
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Figure 7.7. Subnetworks of PUF WP_003512947.1 and DUF WP_003517004.1 in parent strain reveals a potential amino acid transport 
function A) Subnetwork in parent strain for PUF and DUF B) The functional connectivity of PUF and DUF. 
  
A B
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Figure 7.8. Regions of connected PUFs from merged parent and mutant strain prior to MCL clustering. Nodes in red indicate the PUFs. 
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thermocellum. Proteins which have been experimentally verified to interact can be treated as 
connected, regardless of the protein abundance correlations. The hypotheses presented above are 
further validated by computational tools, such as SignalP, and TMHMM. The top potential PUFs 
were further examined by using phylogenetic trees as described below to generate results that show 
promise and even identified candidates for future gene knock-out experiments. 
7.3.6 Phylogenetic trees and Homology models of PUFs 
All the phylogenetic trees explained in this section are based on Blast results of PUFs 
FASTA file of C. thermocellum against UniProtKB, TrEMBL database. A very stringent cut-off 
of E value < 10E-10 was applied on the Blast results. MSA was made using Mafft and the MSA 
was trimmed using Trimal automated option. The tree was created using FastTree and visualized 
using iTOL. The good matches with less E-value are normally matched to other uncharacterized 
proteins, however any evidence on PUFs would be significant. Some of the key phylogenetic trees 
that had the clades of known functions along with the query PUF are demonstrated in this section.  
7.3.6.1 WP_003515926.1, a potential Macrolide export ATP-binding/permease protein MacB 
The co-expression analysis and the network have already predicted WP_003515926.1 as a 
potential membrane protein that could be involved in transportation of large molecules across 
membrane. Blast gave 493 hits with high scoring matches (E-value < 10E-10). These matches 
were used to make a phylogenetic tree. A large tree was created, which was further pruned in and 
around the clades where the query exists as shown in Figure 7.9 A. This suggest that 
WP_003515926.1 is closely connected to Macrolide export ATP binding, permease protein. 
Almost all the best hits were either ABC transporter or uncharacterized protein. 
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Figure 7.9. Possible function of WP_003515926.1 A) A phylogenetic tree; B) The model predicted by SWISS-MODEL, Macrolide 
export ATP-binding/permease protein MacB - template: 5lj6.1.A 
  
tr|A3DGA3|A3DGA3 CLOTH Uncharacterized protein
tr|A0A1E3C008|A0A1E3C008 9CLOT Macrolide export ATP-binding/permease MacB
tr|A0A1V4SQW1|A0A1V4SQW1 CLOHU Macrolide export ATP-binding/permease protein MacB
tr|L7VSI0|L7VSI0 CLOSH Macrolide export ATP-binding/permease protein MacB
WP 003515926.1 hypothetical protein
tr|S0FRK5|S0FRK5 9FIRM ABC-type antimicrobial peptide transport system
tr|G8M1N9|G8M1N9 CLOCD ABC-type transport system
tr|B8I6F9|B8I6F9 CLOCE Uncharacterized protein
tr|W4VAK5|W4VAK5 9FIRM Cell division protein FtsX
Tree scale: 0.1
A B
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Further, SWISS-MODEL homology searches matched to several PDB template. Overall 
91 templates were found. All templates matched to Macrolide export ATP-binding/permease 
protein MacB and ABC transporter permease (Figure 7.9 B). Pannzer2 also predicted 
WP_003515926.1 to be associated with GO terms related to Macrolide ABC transporter 
permeases, hydrolase activity, ATP binding, and membrane localization. This result was further 
corroborated by the presence of RND family efflux transporter MFP subunit and ABC transporter 
in the same operon (operon ID – 1253286). This protein seems vital for C. thermocellum because 
it was highly abundant during all time points, slightly decreasing from mid-log to late-log in parent 
strain.  
7.3.6.2 WP_003512947.1, a potential S-layer protein 
The co-expression analysis of has shown highly connected network of WP_003512947.1 
linked to several biological activities including GH, ABC transporter, aminotransferase, etc. The 
Blast result of this PUF as query revealed 483 hits with E-value < 10E-10. The phylogenetic tree 
as shown in Figure 7.10 A showed its proximity towards S-layer protein, GH and uncharacterized 
proteins. The space between S-layer and the plasma membrane is mainly used for nutrient 
transport, folding, and export of proteins [346, 347]. S-layer present in Bacillaceae are known 
primarily to function as adhesion sites for cell-associated exoenzymes [348]. Similar biological 
functions are shown to be associated with this PUF as shown in Figure 7.7. The SWISS-MODEL 
evaluation of homology predicted 30 templates, majority of the were S-layer protein sap with some 
Tat-secreted protein Rv2525c. The matched structure is shown in Figure 7.10.B. Further, presence 
of another S-layer protein along with this protein in the same operon (operon ID – 1252888) also 
supports WP_003512947.1 as a potential S-layer protein. 
  
 218 
 
Figure 7.10. Possible function of WP_003512947.1 A) A phylogenetic tree; B) The model predicted by SWISS-MODEL, a potential S-
layer protein- template: 3pyw.1.A 
  
tr|A0A229UTM2|A0A229UTM2 9BACL S-layer protein
tr|D5WST8|D5WST8 KYRT2 Glycoside hydrolase family 18
tr|A0A0B0D7J1|A0A0B0D7J1 9BACI Uncharacterized protein
tr|H6NRC5|H6NRC5 9BACL Glycoside hydrolase family protein
tr|A0A1R1BYL6|A0A1R1BYL6 9BACL Uncharacterized protein
tr|D5XEP6|D5XEP6 THEPJ S-layer domain protein
tr|W4V3F6|W4V3F6 9FIRM Surface layer protein
WP 003512947.1 hypothetical protein
tr|A0A239INZ5|A0A239INZ5 9FIRM S-layer homology domain-containing protein
tr|A0A0C2V244|A0A0C2V244 9BACL Uncharacterized protein
tr|I0JI48|I0JI48 HALH3 Uncharacterized protein
tr|A0A1A5YHR8|A0A1A5YHR8 9BACL Uncharacterized protein
tr|A0A1E3C2P4|A0A1E3C2P4 9CLOT Uncharacterized protein
tr|A0A0U2UBW5|A0A0U2UBW5 9BACL S-layer protein
tr|A0A1K1Q3U1|A0A1K1Q3U1 9BACL S-layer homology domain-containing protein
tr|A0A0Q9M6K6|A0A0Q9M6K6 9BACL Uncharacterized protein
tr|A0A069DIS9|A0A069DIS9 9BACL Uncharacterized protein
tr|A0A226YP88|A0A226YP88 9BACI Uncharacterized protein
tr|A0A140L8T1|A0A140L8T1 9THEO Surface layer protein
tr|A0A1C0ZZN8|A0A1C0ZZN8 9BACL Uncharacterized protein
tr|A5D263|A5D263 PELTS Hypothetical membrane protein
tr|Q2RIH0|Q2RIH0 MOOTA Ig-like
tr|A0A1R1CG20|A0A1R1CG20 9BACL Uncharacterized protein
tr|A0A229USL3|A0A229USL3 9BACL S-layer protein
tr|F5LMK7|F5LMK7 9BACL Uncharacterized protein
tr|A0A1W6A178|A0A1W6A178 9BACI Uncharacterized protein
tr|R6YP56|R6YP56 9FIRM S-layer domain protein
tr|C6CWX9|C6CWX9 PAESJ S-layer domain protein
tr|A0A1R1CA04|A0A1R1CA04 9BACL Uncharacterized protein
tr|A0A0F2N3D0|A0A0F2N3D0 9FIRM Uncharacterized protein
tr|A0A1R1BYT0|A0A1R1BYT0 9BACL S-layer protein
tr|F5LPK1|F5LPK1 9BACL Uncharacterized protein
tr|A0A1I4C7Z1|A0A1I4C7Z1 9BACL S-layer homology domain-containing protein
tr|L0EAT6|L0EAT6 THECK Putative S-layer protein
tr|A0A1K1QC63|A0A1K1QC63 9BACL S-layer homology domain-containing protein
Tree scale: 0.1
A B
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7.3.6.3 WP_003512015.1, a potential Rubredoxin 
Rubredoxins consists of one Fe atom, bonded through tetrahedrally arranged sulfur atom. 
These are small proteins that serve as electron carriers in the cell [349]. Network analysis has 
shown its connectivity higher in mutant compared to parent, however, even in parent strain this 
PUF is connected to protein with oxidoreductase activity. The Blast results of this protein showed 
90 best hits mostly Rubredoxin. A pruned tree is demonstrated in Figure 7.11 A. Overall 249 
templates were found for this PUF when SWISS-MODEL was used for prediction of the structure. 
Almost all templates are described as Rubredoxin. The structure of Rubredoxin is shown in Figure 
7.11 B. This PUF might be a key protein to maintain redox balance in the mutant strain.  
7.3.6.4 WP_003513693.1, potential exopolysaccharide biosynthesis protein 
A highly connected sub-network, specific to mutant, representing WP_003513693.1 is 
demonstrated in Figure 7.7 D. All sorts of oxidases, ligases, transferases, kinases and hydrolases 
activities were seen in this network. The Blast analysis of this PUF against TrEMBL database 
revealed 498 closely related hits. A dense phylogenetic tree was constructed which was then 
pruned around the PUF’s clades as depicted in Figure 7.12 A. In the tree, WP_003513693.1 was 
locate closest to Exopolysaccharide biosynthesis protein thus could be a possible function. SWISS-
MODEL matched 247 templates with this query, most matched to Icc protein, uncharacterized 
protein, purple acid phosphatase, surface layer protein, GH, etc. The template mode presented in 
the Figure 7.12 B is 3ib7.1.A for Icc protein. Icc protein is also called 3',5'-cyclic adenosine 
monophosphate phosphodiesterase CpdA, capable of hydrolyzing cAMP to 5’-AMP, and plays a 
crucial regulatory role in maintaining intracellular concentration of cAMP, thus controlling cAMP-
dependent processes. Pannzer2 also predicted this protein to be an exopolysaccharide biosynthesis 
protein related to N-acetylglucosamine-1-phosphodiester alpha-N-acetylglucosaminidase.  
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Figure 7.11. Possible function of WP_003512015.1 A) A phylogenetic tree; B) The model predicted by SWISS-MODEL, a potential 
Rubredoxin- template: 1h7v.1.A 
 
 
 
 
tr|G8LXP6|G8LXP6 CLOCD Uncharacterized protein
tr|A6LVE5|A6LVE5 CLOB8 Rubredoxin-type Fe
tr|A0A1G5RVJ5|A0A1G5RVJ5 9FIRM Uncharacterized protein
tr|V7I5F0|V7I5F0 9CLOT Rubredoxin
tr|A0A0K8JB68|A0A0K8JB68 9FIRM Uncharacterized protein
tr|W0E8B1|W0E8B1 9FIRM Rubredoxin
tr|A0A1M6K7F7|A0A1M6K7F7 9FIRM Uncharacterized protein
tr|G7M6P1|G7M6P1 9CLOT Rubredoxin-type Fe
tr|A0A1M6CA72|A0A1M6CA72 9FIRM Uncharacterized protein
tr|A0A1E3BZF2|A0A1E3BZF2 9CLOT Rubredoxin
tr|A0A1G3WQ66|A0A1G3WQ66 9BACT Rubredoxin
tr|L7VRQ8|L7VRQ8 CLOSH Rubredoxin-type Fe
tr|V9HGC4|V9HGC4 9CLOT Uncharacterized protein
tr|K4L4H6|K4L4H6 9FIRM Rubrerythrin
tr|L0F875|L0F875 DESDL Uncharacterized protein
WP 003512015.1 hypothetical protein
tr|A0A1W1XJV1|A0A1W1XJV1 9CLOT Uncharacterized protein
tr|A0A1D3TNP4|A0A1D3TNP4 9FIRM Uncharacterized protein
tr|A0A075K9I8|A0A075K9I8 9FIRM Uncharacterized protein
tr|M1N2L0|M1N2L0 9CLOT Rubredoxin-type Fe
tr|A0A1F8UB08|A0A1F8UB08 9FIRM Rubredoxin
tr|A0A1H6YKG1|A0A1H6YKG1 9FIRM Uncharacterized protein
tr|F2JPX4|F2JPX4 CELLD Rubredoxin-type Fe
tr|A0A1M5QJR4|A0A1M5QJR4 9CLOT Uncharacterized protein
tr|A0A084JFF5|A0A084JFF5 9FIRM Rubredoxin
tr|A0A2A7MJ30|A0A2A7MJ30 9CLOT Rubredoxin
tr|A0A1S8SXX1|A0A1S8SXX1 9CLOT Reverse rubrerythrin-2
tr|A0A1M5XQA3|A0A1M5XQA3 9FIRM Uncharacterized protein
tr|A9KJ71|A9KJ71 LACP7 Rubredoxin-type Fe
tr|A0A0L8F3F8|A0A0L8F3F8 9CLOT Rubredoxin
tr|W4V6X9|W4V6X9 9FIRM Rubrerythrin
tr|A0A1M7MGX1|A0A1M7MGX1 9FIRM Uncharacterized protein
tr|A0A1D3TPJ1|A0A1D3TPJ1 9FIRM Uncharacterized protein
tr|A0A1J0GE24|A0A1J0GE24 9CLOT Rubredoxin
tr|A0A1V4J1I4|A0A1V4J1I4 9CLOT Reverse rubrerythrin-2
Tree scale: 0.1
A B
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Figure 7.12. Possible function of WP_003513693.1 A) A phylogenetic tree; B) The model predicted by SWISS-MODEL, a potential 
Exopolysaccharide biosynthesis protein (Icc; template 3ib7.1.A) 
  
tr|B8I1Q9|B8I1Q9 CLOCE Ig-like
tr|H5Y109|H5Y109 9FIRM Lyase
tr|G8LTP8|G8LTP8 CLOCD Putative periplasmic protein
tr|A0A0L6JTY2|A0A0L6JTY2 9FIRM Uncharacterized protein
WP 003513693.1 hypothetical protein
tr|Q24SC4|Q24SC4 DESHY Uncharacterized protein
tr|A0A1E3C1C1|A0A1E3C1C1 9CLOT Uncharacterized protein
tr|A0A1M6G2Y3|A0A1M6G2Y3 9FIRM Uncharacterized protein
tr|K4L3T4|K4L3T4 9FIRM Exopolysaccharide biosynthesis protein related to N-acetylglucosamine-1-phosphodiester alpha-N-acetylglucosaminidase
tr|W4VAC4|W4VAC4 9FIRM Exopolysaccharide biosynthesis protein
tr|S0FID6|S0FID6 9FIRM Putative periplasmic protein
tr|J7IQS4|J7IQS4 DESMD Putative periplasmic protein
tr|A0A1V4SK40|A0A1V4SK40 CLOHU Uncharacterized protein
tr|L7VQT9|L7VQT9 CLOSH Exopolysaccharide biosynthesis protein
tr|G2FTA8|G2FTA8 9FIRM Ig-like
Tree scale: 0.1
A B
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7.3.6.5 WP_003511598.1, a potential GH family 9  
Figure 7.6 B shows a highly connected subnetwork that includes WP_003511598.1 linked 
to functions such as transferase activities, extracellular binding proteins, ATPase and chemotaxis-
related protein. Blast analysis revealed 49 protein sequences that have an E-value < 10E-10. The 
phylogenetic tree as shown in Figure 7.13 A reveals most of the best hits to be glycosyl transferase 
family protein.  Further, SWISS-MODEL homology searches matched to several PDB template. 
Overall 67 templates were found. The templates were described as GH family 9, Arabinogalactan 
endo-1,4-beta-Galactosidase, S-layer associated multidomain endoglucanase, Endo-1,4-beta-
xylanase Y/C, etc. The GH family 9 template is demonstrated in Figure 7.13 B.  
7.4 Conclusions 
 A total of 296 PUFs and DUFs were measured by MS and were explored for co-expression 
analysis using networks. The subnetworks for all these PUFs were generated and analyzed. A list 
of 35 PUFs were considered targets for future research based on number of connections and node, 
etc. A PUF clique along with other highly connected PUFs was fully examined using other 
methods such as phylogeny and SWISS-MODEL homology searching.  Five PUFs 
WP_003515926.1, a potential Macrolide export ATP-binding/permease protein MacB; 
WP_003512947.1, a potential S-layer protein; WP_003512015.1, a potential Rubredoxin; 
WP_003513693.1, potential exopolysaccharide biosynthesis protein; and WP_003511598.1, a 
potential GH family 9 have been established as clear targets for knock out as co-expression 
networks, phylogenetic tree and swiss model provide some degree of confidence towards similar 
functions. This approach can also be carried out to other microbial systems to give some insights 
on PUFs. 
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Figure 7.13. Possible function of WP_003511598.1 A) A phylogenetic tree; B) The model predicted by SWISS-MODEL, a potential 
GH family 9 (Glycoside hydrolase family 9; template 3k4z.1.A) 
  
tr|A0A1Y5JYJ6|A0A1Y5JYJ6 9BACL Phospholipid carrier-dependent glycosyltransferase
tr|A0A089N100|A0A089N100 9BACL Glycosyl transferase
tr|G8LWS9|G8LWS9 CLOCD Uncharacterized protein
tr|A0A0Q9TDU9|A0A0Q9TDU9 9BACL Uncharacterized protein
tr|R6AM71|R6AM71 9CLOT Dolichyl-phosphate-mannose--protein O-mannosyl transferase
tr|A0A1I0YDV2|A0A1I0YDV2 9BACL Mannosyltransferase related to Gpi18
tr|A0A0E4HAN4|A0A0E4HAN4 9BACL Glycosyl transferase family protein
tr|W4V8U6|W4V8U6 9FIRM Uncharacterized protein
tr|A3DHC2|A3DHC2 CLOTH Carbohydrate-binding CenC domain protein
tr|G8LWT1|G8LWT1 CLOCD Dolichyl-phosphate-mannose--protein O-mannosyl transferase
tr|A0A1I0KUS9|A0A1I0KUS9 9BACL Mannosyltransferase related to Gpi18
tr|A0A1E3C187|A0A1E3C187 9CLOT Carbohydrate-binding protein
tr|G8LUZ7|G8LUZ7 CLOCD Dolichyl-phosphate-mannose--protein O-mannosyl transferase
tr|A0A0L6JSG5|A0A0L6JSG5 9FIRM Uncharacterized protein
tr|A0A089IQ24|A0A089IQ24 PAEDU Glycosyl transferase
tr|A0A0L6JT23|A0A0L6JT23 9FIRM Carbohydrate-binding CenC domain protein
tr|G0GCM9|G0GCM9 SPITZ Glycosyl transferase family 39
tr|A0A098MA76|A0A098MA76 9BACL Glycosyl transferase
tr|A0A0B2EXC3|A0A0B2EXC3 9BACL Glycosyl transferase
tr|A3DK11|A3DK11 CLOTH Glycosyl transferase family 39
tr|A0A1B8W9P5|A0A1B8W9P5 9BACI Glycosyl transferase
tr|A0A0Q9KZR9|A0A0Q9KZR9 9BACL Glycosyl transferase
tr|A0A1H1PCQ4|A0A1H1PCQ4 9BACL Mannosyltransferase related to Gpi18
tr|A0A286EU40|A0A286EU40 9ACTN Uncharacterized protein
tr|A0A1W1YV33|A0A1W1YV33 9FIRM Dolichyl-phosphate-mannose--protein O-mannosyl transferase
tr|A0A089JX37|A0A089JX37 9BACL Glycosyl transferase
tr|A0A1E3C3W4|A0A1E3C3W4 9CLOT Glycosyl transferase
WP 003511598.1 hypothetical protein
tr|A0A089ICE6|A0A089ICE6 9BACL Uncharacterized protein
tr|R7ICK0|R7ICK0 9FIRM Glycosyl transferase family 39
tr|W4V982|W4V982 9FIRM Uncharacterized protein
tr|W4V9Y0|W4V9Y0 9FIRM Glycosyltransferase
tr|G8LWT0|G8LWT0 CLOCD Putative integral membrane protein
tr|A0A1G7QFU1|A0A1G7QFU1 9BACL Mannosyltransferase related to Gpi18
tr|X4ZUP9|X4ZUP9 9BACL Glycosyl transferase family protein
tr|R5AHP1|R5AHP1 9CLOT Glycosyl transferase family 39
tr|A0A1G3QYV2|A0A1G3QYV2 9SPIR Uncharacterized protein
tr|A0A1R0ZXB4|A0A1R0ZXB4 9BACL Phospholipid carrier-dependent glycosyltransferase
tr|A0A1E3C4N5|A0A1E3C4N5 9CLOT Uncharacterized protein
tr|R5BDU3|R5BDU3 9CLOT Glycosyl transferase family 39
Tree scale: 0.1
A B
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CHAPTER 8 
Perspectives, Challenges and Conclusions 
8.1 Overview 
The advancement of science and technology has driven a growing interest to understand 
complex microbial systems and their relationship with the environment. The use of Mass 
Spectrometry (MS) to characterize the proteomes of bioenergy relevant organisms has been vitally 
important to metabolic engineering efforts that aim to enhance the industrial viability of biofuels 
and other bioproducts. MS-based proteomics and other omics technologies can provide a 
comprehensive understanding of biological systems. A careful examination of these omics allows 
the exploration of underlying biological pathways. In this dissertation, systems-biology approach 
was utilized, with label free MS-based proteomics as the major omics cornerstone. Along with 
discovery-based proteomics experiments (Chapter 2), this dissertation also interrogates key 
metabolic pathways driving important biological functions, including production of biofuel-related 
products, adaptation of the microbial system in presence of inhibitors (Chapter 4), substrate driven 
range and specificity of proteins (Chapter 5), and microbial cellular response and adaptation 
coordinated to build microbial communities (Chapter 6). To achieve this, computational resources 
that can handle high-throughput datasets generated by next generation high-tech instrumentations 
are required. In order to quantify spectral matches into proteins, a flexible, robust and operating 
system-independent computational pipeline scripted using Python and bash was generated 
(Chapter 3). All the required parameters can be supplied via command line by the user locally or 
in HPC environments.  
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Differential expression of proteins under multiple bacterial growth conditions can be studied 
using quantitative mass spectrometry. These differential protein abundances are evaluated based 
on statistically generated p-values and fold changes. Using these differential set of proteins, and 
their associated annotations, potential answers to research question are deciphered. In order to infer 
a pathway or an enzymatic reaction several public repositories are available. KEGG is a database 
resource for pathway maps, functional orthologs, biochemical reactions, EC, etc. Similarly, 
UniProtKB is the central hub for the collection of functional information on proteins, with 
accurate, consistent and rich annotation. To understand high level functions of these proteins and 
utilities of these biological system, bioinformatics tools, such as Interproscan, eggNOG mapper, 
BlastKOALA, and Prokka, can predict functional annotations such as orthologs, gene ontologies, 
hidden Markov model, pathways, EC, etc. All these tools are explained and used in this dissertation 
to develop a better functional understanding of measured proteins. Despite the various functional 
annotation tools available to researchers, a substantial number of proteins whose functions are 
unknown, often described as “hypothetical proteins,” exist across microbial genomes. In contrast 
to the “hypothetical” label, these proteins can be mapped and measured with MS. Once these 
proteins are measured, they are no longer “hypothetical proteins,” but their functions are not 
known. With an attempt to explore this ‘dark matter’ of proteome, Chapter 7 investigates these 
proteins as PUFs. Along with time-course experimental dataset, a multi-approach bioinformatics 
workflow has been designed. This high risk, high reward approach has launched some future knock 
out targets with their potential function in C. thermocellum.  
In brief, Chapter 1 describes the ‘state of art’ of the field and the need for MS-based proteomics 
in the field of microbial proteomics specially focused in bioenergy. Chapter 2 and 3 discuss the 
required infrastructures to carry out the experiments and analyze the datasets. Chapter 4 and 6 
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describe integrated omics (mainly proteomics and metabolomics), to understand the adaptation 
mechanism of C. thermocellum when grown in natural biomass and P. polymyxa when grown in 
solid agar and liquid media. Instead of cultivating bacteria in model substrates to understand 
systems biology, C. thermocellum was grown on complex substrate biomass (switchgrass) to 
assess the metabolic and protein changes that occur during the conversion of plant biomass to 
ethanol. Chapter 6 mainly focused on development and integration of techniques and strategies to 
understand links between physical phenomena within biological membranes, and how membrane 
homeostasis is affected by the lipidome and proteome. This study comprehensively characterized 
the swarming motility exhibited by Paenibacillus polymyxa, with a detailed examination of the 
roles of phospholipids, hydrolytic enzymes, surfactin, flagellar assembly, and chemotaxis in 
microbial swarming motility. Both these studies explore remodulation of membrane and the 
explanation behind this adaptation. Chapter 5 is a study of the extracellular proteome of C. bescii, 
another important cellulolytic thermophilic bacterium that efficiently deconstructs lignocellulosic 
biomass into sugars, which are fermented into ethanol and other products. This study helps to 
elucidate the mechanism of how extracellular proteins secreted by C. bescii interact with and 
specifically deconstruct various substrates. Many PUFs that are specific towards specific 
substrates or simple/complex substrates and C5/C6 substrates were detected. The substrates 
specific PUFs composition in C. bescii laid the foundation and desire to study PUFs in greater 
detail in C. thermocellum, described in Chapter 7.  
MS-based proteomics is a powerful technique to identify and quantify known and unknown 
proteins. Using shotgun proteomics, this dissertation contributes to a better understanding of 
microbial enzymatic activities and adaptation towards their environment. Quantification of 
proteins were done by formulating a pipeline that uses the latest updated tools, and high-
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performance computing facilities in an operating system independent manner. Mass spectrometry 
was integrated with other omics technologies to unravel key metabolic pathways, information that 
will prove critical to industrial efficacy. In order to understand microbial physiology, the strength 
of integrated omics has been exemplified in this dissertation. The communal living, and microbial 
phenotypic responses in different growth conditions are fully explored, stating novel swarming 
mechanisms. Aside from interrogation of key pathways and metabolism based on known 
annotations, the detection of proteins of unknown function (PUFs) in proteome measurements 
reveals an untapped new resource for potential genetic engineering targets to enhance favorable 
phenotypes.  
8.2 Perspectives, remaining challenges, and limitations  
Proteomics is considered robust for single isolate studies when it comes to protein 
extraction and in-depth characterization of whole proteomes. With current instrumentation 
capabilities, ~60% of a microbial proteome can be measured by LC-MS/MS.  Under the reasonable 
assumption that an organism usually will not express 100% of its proteome at a single growth 
condition, ~60% of proteome is considered reasonably deep in measurement space. My 
dissertation work began with LTQ Velos instrumentation and chromatography separation 
technique called MudPIT.  Early dissertation work focused on determining the coverage and depth 
of proteomes identified, with later work focusing on the biological interpretation and integration 
of other levels of omics data. With the capabilities and instrumentation available during that time, 
MS-based proteomics was fairly cumbersome.  MS experiments were carried using MudPIT, 
which employed 11 step salt pulses. A typical whole cell proteome measurement required about 
22 hours for data acquisition. For a large campaign, maintaining the reproducibility and avoiding 
the technical variations was challenging.  The introduction of better instrumentation, such as 
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Orbitrap Velos Pro, improved data reliability in terms of key MS metrics, such as mass accuracy. 
However, the cumbersome one day, one sample LC setup still prevailed. With the need for high 
throughput instrumentation and a more automated LC system, the infrastructure of the lab was 
dramatically changed. More recently, three Qexactive plus instrumentation platform were 
implemented, vastly improving the experimental turnaround. For example, Chapter 7 in this 
dissertation used U3000 LC system in-line with a Qexactive plus mass spectrometer. It was 
incredible to see how within the period of 8-10 days, the complete sample preparation, mass 
spectrometry experiments, and proteomics data analysis were accomplished. With the previous 
infrastructures this would easily take 45-50 days. Within the short period of 4 and ½ years, a 
dramatic shift from low mass resolution and accuracy to high mass resolution and accuracy with 
improved scanning speed prevailed in the practical operation. This made it possible to analyze 
complex mixtures of biomolecules. The resolving power and exceptional sensitivity of these mass 
spectrometers allows researchers to detect peptides at femtomole quantities. This also led to the 
possibility of extensively characterizing the complete suite of proteins expressed by microbial 
communities in environmental or fecal samples, termed as metaproteomics.  
Besides the contributions of global proteomics approaches to a broader molecular 
understanding of organisms, the application of sensitive, selective and reproducible targeted 
proteomics via Multiple Reaction Monitoring (MRM) mass spectrometry has provided effective 
ways to address the identification and absolute quantification (i.e., molar amounts) of proteins of 
interest spanning wide dynamic ranges in cells. The non-scanning nature of MRM proteomics 
improves sensitivity relative to ‘full scan’ techniques like those employed  in global approaches. 
This characteristic has been useful in systematic quantitative studies analyzing complex biological 
mixtures. In addition, the ability to target several proteins of interest in a single run gives targeted 
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proteomics an interesting advantage over more traditional protein identification and quantification 
techniques such as Western Blot and ELISA assays.  The advent of instruments providing high 
mass accuracy and resolution (i.e., Qexactive Plus) also facilitated the introduction of targeted 
methods such as parallel reaction monitoring (PRM) that expand the multiplexed capabilities of 
current approaches while at the same time maintaining or increasing the confidence in protein 
detection. 
Although MS-based proteomics is remarkably powerful, several challenges exist. The 
achieved proteome coverage often reflect poor detection of membrane proteins or other 
hydrophobic proteins. A significant portion of proteome might not be measured or detected 
because the sample preparation method was not compatible for those sets of protein. With the 
availability of diverse sample preparation methods (use of detergents, buffer, etc.), often it is 
difficult to find a robust method, as each method brings in new possibilities and complications. 
Besides the front-end proteomics issues, data analysis and biological interpretation provide another 
challenge. Even in the case of well-done and reproducible measurements, failures in data analysis 
can mask potential biological information.  During the experimental design, a power analysis can 
be performed to calculate the minimum number of biological replicates required for a study to 
obtain the reproducibility. Given biological variation is as low as 25%, a reliable measurement of 
expression difference (fold change) of 1.5 can be reliably measured provided that a minimum of 
four biological replicates per group are available for the analysis [1]. It is necessary to design an 
experiment that has sufficient power for reliable statistical analysis. Among differentially 
regulated proteins, some proteins might play significant role even with very small fold change. It 
is only possible to track these minor deviation by increasing the number of biological replicates 
and thus increased sample size, and increased statistical power [2]. The use of correct annotations 
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has become another challenge in terms of biological interpretation. There is a need to reevaluate 
the functional annotations of genes, as the description of these genes provided within the genome 
file can sometimes be ambiguous. Several tools such as Interproscan, eggNOG mapper, 
BlastKOALA, and Prokka can predict the functional annotations based on the sequences.  
The most popularly used Gene Ontology (GO) annotations provides a large set of terms 
arranged in a hierarchical fashion that specify molecular function of a gene, the biological process 
associated with in, and its localization in a cell. GO term prediction has been challenged by 
numerous annotation terms available (ranging from very general to highly specific) for the same 
gene. The field is now moving towards the use of EC numbers to understand metabolism. There 
are couple of concerns with this approach. First, not all proteins have EC numbers, so study will 
be based only on enzymes bearing EC numbers only. Second, EC numbers are based on the 
experiments with specific proteins in specific organisms and there is not a proper database that 
directly links EC numbers to protein sequences. KEGG provides this interface, but since EC 
number is not primary identifier for KEGG, the extension is done through KOs. Cases such as 
multiple EC numbers that map to same KO term or a single EC number that map to multiple KO 
terms are seen.  
While scientists are trying to use best functional annotation for the protein, a big chunk of data 
remains unannotated. Chapter 7 investigates the realm of PUFs. Above mentioned annotation tools 
are not able to provide functional insights of these PUFs. This also raises question on enrichment 
of functional annotation to find over-represented biological pathways in the set of interesting 
proteins as the significant functional contribution from PUFs is missing. Very often, many KEGG 
pathways in several organisms are incomplete or missing, and further characterization of these 
PUFs may provide information on these missing pathways. There is a need to integrate different 
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level of omics and use computational resources to perform a comprehensive PUFs study to extract 
meaningful information. The approach used in this dissertation requires further refinement, as this 
is just a start to explore this “dark matter”. “Guilt by association,” and co-expression are explored 
using protein intensity matrix obtained from temporally measured proteome in parent and mutant 
strain of C. thermocellum. Co-expression networks were built based on Pairwise Spearman Rank 
correlations for all proteins based on the quantified values of the protein across time points in the 
corresponding parent and mutant strains. The hypothesis is that PUFs which are highly linked with 
proteins of known function are expected to have similar functionality. This may not always hold 
true, as some connections could be random, although a stringent cutoff of Spearman correlation > 
0.7 was applied.  
Besides these limitations and recommendations, in order to perform proteomics with 
supernatants, there is need for careful experimental design. There is always the problem of inherent 
cell lysis and representation of intracellular proteins. Generally, it might be a good idea to 
normalize the extracellular proteome using CipA abundance in C. thermocellum or CelA 
abundance in C. bescii. Use of known concentration of internal standard peptides from known 
protein and spiking it along with the sample peptides might be another way to perform extracellular 
proteomics. While using real substrate biomass such as switchgrass, it is generally recommended 
to further process grass separately to get information on anchored proteins or surface bound 
proteins too. Finally, in order to design an experiment that is industrially relevant such as 
bioenergy, it is highly recommended to perform multi-omics experiments on real substrate biomass 
rather than the using model substrates.  
MS-based proteomics has now become the standard tool in many biological studies. There 
has been an enormous and fast development of MS-based proteomics related tools. Ideally, with 
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all figures of merit described in Chapter 2, mass spectrometry (MS) has emerged as the 
unchallenged leader in the field of proteomics. This has been well complemented by the amount 
of genome data sequenced, an essential component of proteomics. For a comprehensive view of 
molecular biology an integration of different omics technologies would be ideal, but proteomics 
alone is useful for inferring key molecular details. None of the other omics technologies can match 
what proteomics offers at the functional and phenotypic level. Proteomics not only 
comprehensively characterize the suite of proteins for an organism, but also can give valuable 
insights on molecular machinery utilized, and metabolic processes required for an organism. 
Currently available mass spectrometers are capable of generating high-throughput datasets, which 
has enabled large-scale characterization of any given proteome. With continued improvements of 
high performance mass spectrometers, data analyzing tools, improvements in functional 
annotations of the genes, and development of pipelines to integrate omics will provide more 
systematic and comprehensive insights into microbial biological processes. 
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